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USE AND IMPROVEMENT OF REMOTE SENSING AND GEOSPATIAL 
TECHNOLOGIES IN SUPPORT OF CROP AREA AND YIELD ESTIMATIONS 




In arid and semi-arid West Africa, agricultural production and regional food 
security depend largely on small-scale subsistence farming and rainfed crops, both of 
which are vulnerable to climate variability and drought. Efforts made to improve crop 
monitoring and our ability to estimate crop production (areas planted and yield 
estimations by crop type) in the major agricultural zones of the region are critical paths 
for minimizing climate risks and to support food security planning. The main objective 
of this dissertation research was to contribute to these efforts using remote sensing 
technologies. In this regard, the first analysis documented the low reliability of existing 
land cover products for cropland area estimation (Chapter 2). Then two satellite remote 
sensing-based datasets were developed that 1) accurately map cropland areas in the five 
countries of Sahelian West Africa (Senegal, Mauritania, Mali, Burkina Faso and Niger; 
Chapter 3), and 2) focus on the country of Mali to identify the location and prevalence 
of the major subsistence crops (millet, sorghum, maize and non-irrigated rice; Chapter 
4).  
The regional cropland area product is distributed as the West African Sahel 
Cropland area at 30 m (WASC30). The development of the new dataset involved high 
density training data (380,000 samples) developed by USGS in collaboration with 
CILSS for training about 200 locally optimized random forest (RF) classifiers using 
Landsat 8 surface reflectances and vegetation indices and the Google Earth Engine 
platform. WASC30 greatly improves earlier estimates through inclusion of cropland 
information for both rainfed and irrigated areas mapped with a class-specific accuracy 
of 79% across the West Africa Sahel. Used as a mask in crop monitoring systems, the 
new cropland area data could bring critical insights by reducing uncertainties in 
xv 
 
identification of croplands as crop growth condition metrics are extracted. WASC30 
allowed us to derive detailed statistics on cultivated areas in the Sahel, at country and 
agroclimatic scales. Intensive agricultural zones were highlighted as well. The second 
dataset, mapping crop types for the country of Mali, is meant to separate signals of 
different crop types for improved crop yield estimation. The crop type map was used to 
derive detailed agricultural statistics (e.g. acreage by crop types, spatial distribution) at 
finer administrative scales than has previously been possible. The crop fraction 
information by crop type extracted from the map, gives additional details on farmers 
preferences by regions, and the natural adaptability of different crop types.  
The final analysis of this dissertation explores the use of ensemble machine 
learning techniques to predict maize yield in Mali (Chapter 5). Climate data 
(precipitation and temperature), and vegetation indices (Normalized Difference 
Vegetation Index, NDVI, the Enhanced Vegetation Index, EVI, and the Normalized 
Difference Water Index, NDWI) are used as predictors, while actual yields collected in 
2017 by the Malian Ministry of Agriculture are the reference data.  Random forest 
presented better predictive performance as compared to boosted regression trees (BRT). 
Results showed that climate variables have more predictive power for maize yield 
compared to vegetation indices. Among vegetation indices, the NDWI appeared to be 
the most influential predictor, maybe because of water requirement of maize and the 
sensitivity of this index to water in semi-arid regions. Tested with two different 
independent datasets, one constituted by 20% of the reference information, and another 
including observed yields for year 2018 (a one-year-left analysis), maize yield 
predictions were promising for year 2017 (RMSE = 362 kg/ha), but showed higher error 
for 2018 (RMSE = 707 kg/ha). That is, the fitted model may not capture accurately year 
to year variabilities in predicted maize yield. In this analysis, predictions were limited 
to field samples (~600 fields) across the country of Mali. It would be valuable in the 
future to predict maize yield for each pixel of the new developed crop type map. That 
will lead to a detailed spatial analysis of maize yield, allowing identification of low 
yielding regions for targeted interventions which could improve food security.  
Keywords: Agricultural land area, crop type mapping, Sahel, West Africa, Machine 
Learning, Earth Engine, food security, famine early warning 
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CHAPTER 1  
Introduction 
1.1. Background 
Food security is defined as “when all people at all times have physical, social and 
economic access to sufficient, safe and nutritious food to meet their dietary needs and 
food preferences for an active and healthy life” (Committee on World Food Security, 
2011). The four pillars of food security are: food availability, access to food, utilization, 
and stability. Availability refers to the physical existence of food, whether it is produced 
locally or imported. The three other pillars of food security depend on food availability. 
Regarding food production, the Sahel region of Africa is particularly food insecure for 
a variety of geographic, demographic, and economic reasons that have resulted in food 
shortages and famines affecting millions of people living in the region (Lifland, 2012).  
The Sahel of Africa is a region of transition between the Sahara and the tropical 
savannas.  It extends from the Atlantic Ocean in the west to the Red Sea in the east, 
roughly from 12° N to 18° N (Anyamba & Tucker, 2005).  The Western Africa Sahel, 
which is the focus of this dissertation research, includes parts of Mauritania, Senegal, 
Mali, Niger, and Burkina Faso. Strong climatic variations and fluctuations in rainfall 
have long time characterized the Sahel (Hiernaux et al., 2016). Since 1980s severe 
droughts the Sahel has experienced (Zeng, 2003) have caused periodic food shortages, 
as agricultural production is primarily rainfed in the region. This situation is worsened 
by the rapid population growth leading to pressure on land and water resources required 
for food production.  
In addition to rapid population growth, other socioeconomics factors may 
contribute creating food insecurity situations in a region. For example, according to the 
Ministry of Rural Development of Mali, despite the agricultural potential of the country 
in terms of arable land (43.7 million hectares) for croplands and pastures, and water 
resources (70 billion cubic meters of water per year for irrigation),  multiple structural 
challenges limit the degree of agricultural production (Cellule de Planification et de 
Statistique du Secteur Développement Rural (CPS/SDR), 2013). These challenges 
include limited private and/or public investments in the agricultural sector and limited 
access of farmers to credit, farmers’ low level of education, fluctuations of cereal price, 
and limited trade opportunities for farm produce, both within countries and with 
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neighboring countries.  These underlie the agronomic causes of low yields, even in 
years of good rainfall, caused by limited access to fertilizers, improved seeds, and 
mechanization tools like tractors (Cellule de Planification et de Statistique du Secteur 
Développement Rural (CPS/SDR), 2013). 
In this context, it is important to develop tools and policies that can monitor 
agricultural production, and improve our understanding of these climatological, 
biophysical, technological, and economic factors causing the spatial and temporal 
variability of crop yields. Remote sensing based accurate estimates of cultivated area 
and crop yields modelling are some of those tools which are critical to our 
understanding of agricultural production, food security in rural West Africa. 
1.1.1. Modeling in Agriculture 
Modeling in agriculture is an essential tool to support decisions making. Typically, 
two broad categories of models are used to estimate crop yield in agriculture. They are 
mechanistic or process-based models, and statistical or empirical models (Thornley & 
France, 2007). Mechanistic modeling is a process-based method, built from our 
knowledge of the physical, chemical and biological processes governing the 
phenomenon under study (e.g. yield). Thus, mechanistic modeling is sometimes known 
as an explanatory modeling because it represents the cause and effect relationships 
among the variables involved. Process-based models are more difficult to deploy 
because they require knowledge about the underlying mechanism that determine how 
the various variables are related to each other.  
Most Decision Support Systems (DSS) for agriculture use mechanistically based 
crop growth simulations to predict yield. Examples include APSIM (Agricultural 
Production Systems sIMulator, Keating et al., 2003), DSSAT (The Decision Support 
System for Agrotechnology Transfer, Jones et al., 2003), Système d'Analyse Régionale 
des Risques Agroclimatologiques Version H (SARRA-H; System of 
Agroclimatological Regional Risk Analysis), and EPIC (Environmental Policy 
Integrated Climate, Williams et al., 1989). Crop growth simulation tools can support 
agricultural decision making in two major levels. First, they help to understand the 
functioning of soil-plant-climate systems. Second, they are useful for design and 
assessment of new crop systems that would be difficult to develop through field 
experimentation. Of course, field experimentations will continue to be necessary for 
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calibration and assessing the robustness and relevance of simulation models. For 
example, DSS platforms have been used in numerous studies to understand cereals 
behavior in different climate and management scenarios across the West African region 
(Amouzou et al., 2019; Guan et al., 2017; Sultan et al., 2013). 
 In general, process-based models make predictions based on site-specific data. 
Application of these models at coarser scales (e.g. regional or national), is achieved 
using either (i) sample simulations: identification of climate, soil and management 
clusters representative of large areas, so that computational load is reduced but results 
may be applied to the larger domain of interest (Hoffman et al., 2018), or (ii) fully 
spatially distributed models parameterized using spatially varying soils, climate and 
management using Geographical Information Systems (GIS) and spatial analysis tools 
(Thorp et al., 2008; Venkatesan & Pazhanivelan, 2018; Yin et al., 2014). Spatially 
distributed models, however, are computationally demanding and require spatially 
contiguous data (soil, weather, genotype, and management) adding to parameterization 
uncertainty and difficulties defining initial conditions, making these models 
challenging to use in data-deficient regions like the West African Sahel. 
Statistical modeling, as opposed to process-based modeling, is based on empirical 
relationships between response and explanatory variables. Historically, statistical crop 
models have used linear regression techniques, making them easy to be implemented 
(Thornley & France, 2007). They have been used to predict crop growth at large scales 
which are compatible with nation-scale statistics on seasonal yields (Kern et al., 2018). 
In general, statistical models offer the possibility to select variables based on their 
relationships (through mathematical equations) with the underlying yield analysis. 
However, statistical models are limited in their ability to predict outside the calibration 
data, and future scenario analysis (prediction) is impossible (Lambin et al., 2000). 
Statistical models also offer little or no insight into the underlying process that govern 
the phenomenon under study. Statistical models has been widely used to explore actual 
yield relationships with climate variables (Lobell & Burke, 2010; Lobell & Field, 
2007). Sometimes climate variables are combined with satellites remote sensing 
derived information (Kern et al., 2018; Y. Li et al., 2019) or socioeconomics data 
(Iizumi et al., 2017) for improved yield predictions. 
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As satellite remote sensing is increasingly improving in spatial, spectral, and 
temporal resolution, it can contribute significantly to a system that collects information 
on crops conditions and other environmental variables at larger geographical scale 
(Lambin et al., 1993). Free online access to time series of medium-resolution satellite 
remote sensing data (e.g. Landsat, Sentinel systems; (Claverie et al., 2018; Roy et al., 
2014; Woodcock et al., 2008) ), coupled with the availability of new computational 
resources (e.g. cloud and parallel computations; (Gorelick et al., 2017; Huang et al., 
2018; Wolfert et al., 2017) ) has made large scale and long-term analysis of crop growth 
and productivity a reality (Johnson, 2019a; P. Kumar et al., 2018; Rufin et al., 2019).  
That creates opportunities in using data-driven techniques such as Machine 
Learning (ML) in agricultural modeling. ML techniques have been used in agriculture 
for multi-classes land cover classification, cropland and crop type mapping, and crop 
yield modeling (Samasse et al., 2020; Zhang et al., 2019; Zwart & Leclert, 2010). Main 
agricultural applications using ML have been recently reviewed by Liakos et al. (2018).   
Compared to more traditional statistical and process-based crop monitoring methods, 
ML is a method apart, based on intelligent predictive algorithms that are capable to 
“learn” from the data without any rules defined in advance by explicit programming 
(Liakos et al., 2018). However, machine learning is a complex process necessitating 
large amounts of data ("data-driven approach"; (Bzdok et al., 2018)) for better learning 
results. That is, as we provide ML algorithms more training data, it becomes possible 
to create more accurate models based on that data (Liakos et al., 2018). For practical 
considerations, and to compensate weaknesses that might occur with a single ML model 
instance, ensemble approaches are used (Dietterich, 2000; Zhou, 2009). Ensemble 
learning techniques can be applied for both classification and regression problems. The 
final prediction is determined by major voting (classification), or by averaging model 
outputs (regression). Sample data selection and methods to integrate multiple ensemble 
members are two significant characteristics of ensemble models. Bagging (Breiman, 
1996) and boosting (Freund, 1995) are two widely used ensemble learning techniques. 
Random Forests (RF; Breiman, 2001) and Boosted Regression Trees (BRT; Elith et al., 
2008) are examples of Ensemble Learning models, implementing bagging and boosting 
methods, respectively. They have been widely used in satellite remote sensing data 
processing (classification and regression) for agricultural applications (Aghighi et al., 
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2018; Charoen-Ung & Mittrapiyanuruk, 2018; Jeong et al., 2016; Xu et al., 2020; Zhang 
et al., 2019). 
1.1.2. Satellite remote sensing-based crop monitoring 
Satellites remote sensing-based tools and models have been used for decades in the 
Sahelian region through different regional and national initiatives, and in collaboration 
with international institutions, to allow near-real-time monitoring of the cropping 
season.  
At global scale, the Global Information and Early Warning System (GIEWS; 
http://www.fao.org/giews), established by the Food and Agriculture Organization of 
the United Nations (FAO), monitors the condition of major crops to assess production 
prospects using a variety of data sources including earth observation products. The 
major remote sensing-based product used in GIEWS for water stress and cop condition 
monitoring is the Agricultural Stress Index (ASI). ASI is computed in the Agricultural 
Stress Index System (ASIS), which is integrated in the GIEWS platform, based on 
NDVI, and BT4 (Brightness Temperature in AVHRR band 4) derived from 
NOAA/METOP-AVHR. It integrates also NDVI from SPOT-VEGETATION series 
(Van Hoolst et al., 2016). GIEWS provides information on countries facing food 
insecurity through monthly briefing reports, which includes areas that might have 
anomalies caused by dry spells during crop growing seasons.  
At regional scale, the  USAID's Famine Early Warning System Network (FEWS 
NET) combines biophysical remote sensing applications through its collaboration with 
NASA, NOAA, USGS and USDA, and socio-economic methodologies through its 
involvement with UN WFP and numerous international non-governmental 
organizations such as Save the Children, Oxfam and others (Brown, 2008; Ross et al., 
2009). FEWS NET provides monitoring and early warning support to decision makers 
responsible for responding to humanitarian crises including famine and food insecurity. 
The primary FEWS NET satellite remote sensing-based inputs include rainfall and 
vegetation information (Ross et al., 2009). An example of an analysis tool promoted by 
FEWS NET is the Early Warning eXplorer (EWX; 
https://earlywarning.usgs.gov/fews/ewx/index.html) interactive web-based mapping 
tool, which allows users to visualize continental-scale rainfall estimates (RFE; Xie, 
2001), rainfall estimates from the Climate Hazard group InfraRed Precipitation with 
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Stations (CHIRPS; Funk et al., 2015), land surface temperature (LST) and normalized 
difference vegetation index (NDVI) data and anomalies at varied time steps (covering 
crop growing season; FEWS NET, 2020). The FLDAS (FEWS NET Land Data 
Assimilation System; https://ldas.gsfc.nasa.gov/fldas) provides additional 
hydroclimatic variables (e.g. Soil moisture, Evapotranspiration, Wind speed) to support 
agricultural monitoring and modeling. Through regular reports, FEWS NET provides 
crop condition monitoring support to most of the developing world, including Sahelian 
countries in West Africa.  
In West Africa, the AGRHYMET (Agriculture, Hydrology and Meteorology) 
Regional Center in Niamey, Niger, is a specialized institution which promotes 
integration of Earth observations data and crop growth models to build improved 
drought assessment across member countries. This system includes crop monitoring 
during the growing season and yield predictions. AGRHYMET uses the crop growth 
simulation model named Système d’Analyse Régional des Risques Agroclimatiques, 
version H (SARRA-H; http://sarra-h.teledetection.fr/SARRAH_Home.html), which 
has been adapted to the operational needs of agrometeorological monitoring in West 
Africa (Traore et al., 2014). Major spatialized outputs of SARRA-H to monitor crop 
are onset dates of the season, water requirements satisfaction indices (WRSI), and 
potential yields. In addition to these outputs, the normalized difference vegetation index 
(NDVI; Tucker, 1979), and other NDVI-based indices like the vegetation condition 
index (VCI), are also used at AGRHYMET for crop condition and anomaly analysis 
during the growing season (Traore et al., 2014).  The AGRHYMET regional center also 
implemented the “Water Management for Cropland and Rangeland Management” 
thematic application of the African Monitoring of the Environment for Sustainable 
Development (AMESD) project coordinated by ECOWAS and AUC. This project 
aimed to use EUMETSAT  satellite  data  and  products to develop indicators for 1) 
Monitoring  vegetation  growth  to  evaluate cropland and rangeland productivity, 2) 
Determination of areas affected by droughts, 3) Localization  and  monitoring  of  small  
surface water bodies, and 4) Localization of bush fires and estimation of size of burned 
areas (EUTELSAT, 2009). Through monthly and special environmental monitoring 
reports, AGRHYMET provides critical agrometeorological information to member 
countries for decision making related to areas as risk of drought. 
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GEOGLAM Crop Monitoring system (https://cropmonitor.org/) was initiated by 
the Group of Twenty (G20) countries in 2011 to reinforce international community 
capacity in crop condition monitoring using satellite remote sensing products for the 
promotion of food security. These products include NDVI and NDVI anomalies derived 
from NASA MODIS vegetation index products, CHIRPS precipitation, temperature 
and temperature anomalies, soil moisture, evapotranspiration, and runoff extracted 
from diverse sources including FEWS NET Land Data Assimilation System (FLDAS; 
(Loeser et al., 2020; McNally et al., 2017; Pervez et al., 2016)).  Overall, the Crop 
Monitor for Early Warning (CM4EW) provides, based on the best available 
information, transparent, multi-sourced, consensus assessments of the crop growing 
conditions, status, and agroclimatic conditions that are likely to impact production in 
countries vulnerable to food insecurity in order to strengthen agricultural, humanitarian 
intervention, food security decision making and policy implementations (Becker-
Reshef et al., 2020). CM4EW reports include most of the sub-Saharan countries.  
To become effective and accurate in crop condition monitoring, the above-
mentioned systems integrate remote sensing indices (e.g. ASI, VCI, WRSI, and NDVI) 
based on cultivated areas, whenever it is available. Thus, cropland and crop specific 
mapping is of first level importance for all operational crop monitoring system. Several 
previous studies have examined mapping cultivated areas using remotely sensed data 
at different scales (Fritz et al., 2011; Lambert et al., 2016; Ramankutty, 2004; 
Thenkabail et al., 2009; Tong et al., 2020; Xiong et al., 2017). However, none of these 
studies were focused on crop specific mapping at regional scale across the Sahel. 
Furthermore, the coarse to moderate spatial resolution of most earlier efforts (~1 km to 
100 m) are limited in their ability to resolve individual farmer fields or specific crops 
(Y. Shao et al., 2015), particularly in spatially fragmented rural Sahelian landscapes.  
1.2. Research Objectives 
This dissertation research aims to explore the use and improvement of remote 
sensing and geospatial technologies in support of regional and national-level famine 
early warning and food security institutions in West Africa, with a focus on Mali. The 
research aims to investigate the current technologies used for national and regional-
scale agricultural monitoring, and develop new approaches using remote sensing and 
modeling that will improve our ability to monitor and understand current patterns and 
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major processes. Specifically, the research is structured to use earth observation 
technologies to contribute in four critical respects to our understanding of agricultural 
production in rural West Africa: 
1. assess the accuracy of existing maps of cropland area in the West African 
Sahel 
2. use new training data with new geospatial tools and machine learning to 
develop an improved 30-m cropland database for West Africa, 
3. develop a crop type map for major subsistence cereals crops of Mali and 
analyze their spatial distribution for yield modelling purposes, 
4. explore ensemble machine learning and data-driven based models to predict 
yields for maize production in Mali. 
1.3. Structure of the Dissertation 
This thesis is organized in six (6) chapters with four (4) of them leading to scientific 
articles.  
1.3.1. Chapter 1: Introduction (this Chapter) 
Introduces agricultural production and the food security situation in the West 
African Sahel, techniques of agricultural production modeling and crop condition 
monitoring using satellite remote sensing data. 
1.3.2. Chapter 2: Existing cropland datasets accuracy assessment (Paper 
#1) 
 Identification of agricultural land areas, as distinct from pasture, fallow, and other 
land uses, is a critical first step in developing remote sensing technologies for 
agricultural applications. Several coarse-resolution (~1 km) satellite-based global land 
cover (GLC) products are available and freely downloadable. However, their accuracy 
at fine spatial scales is unknown. Chapter 2 of this thesis deals with an assessment of 
common GLCs accuracy in terms of spatial distribution of cropland in the West African 
Sahel, using a newly available reference dataset. Assessment results have been 
published as the first scientific paper from this dissertation. 
1.3.3. Chapter 3: Development of a new cropland map for West Africa 
Sahel (Paper #2)  
The relatively high uncertainty associated with existing data on cropland location 
in West Africa identified in Chapter 2 motivated this Chapter. The reference cropland 
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dataset is used to train Random Forest (an ensemble learning classifier) with 30-m 
resolution satellite data from the Landsat 7,8 time series, and geospatial datasets 
(climate, soils, and terrain) for the development of an improved Cropland product for 
West African Sahel. The resulting cropland dataset named WASC30 (West African 
Sahel Cropland 30 m) and related main findings have constituted the second published 
article (Paper #2) of this research.  
1.3.4. Chapter 4: National scale crop type mapping for the major rainfed 
cereal crops of Mali, West Africa (Paper #3) 
By using extensive sample data on crop types provided by the Malian Department 
of Agriculture, a 30 m crop type map is developed describing the spatial distribution of 
the major cereal crops (maize, millet, and sorghum) for the country of Mali. The 
WASC30 cropland areas database (Chapter 3) was used to mask non crop and irrigated 
areas from the new crop type map. Crop type mapping used climate averages (CHIRPS 
precipitation data) with terrain (elevation and slope) and four vegetation indices (NDVI, 
EVI, SAVI, and MSAVI) as predictors for Random Forest models  to map major 
subsistence cereal crops of Mali (maize, pearl millet, rice, and sorghum). Area and 
spatial distribution of crop fractions by crop types are also analyzed in this Chapter. A 
manuscript, including the main findings of this Chapter are under preparation for 
publication as Paper #3. 
1.3.5. Chapter 5: Preliminary analysis of crop yield predictions using 
satellite and environmental data for maize production in Mali, West 
Africa (Paper #4) 
The spatially explicit crop type map of the most important cereal crops across 
the country of Mali, developed in Chapter 4, is a critical step toward crop yield 
modeling. As separating crop specific locations from non-crop, fallow, and other 
vegetation contributes to reduce mixture in extracting information from other necessary 
variables (e.g. weather, soil, management) in crop yield predictions. Here I use Malian 
Department of Agriculture data on yield, with ensemble machine learning and satellite 
data to predict crop yields for maize production in Mali. This Chapter 5 of my 
dissertation gathers method, data, and preliminary results of such maize yield analysis 
for submission as Paper #4. 
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1.3.6. Chapter 6: Conclusions and Perspectives 
This Chapter provides a summary and synthesis of the main findings of 
Chapters 2-5 and their implications in terms of agricultural monitoring, food security 
and policy making for West African Sahel countries. Recommendations for future 
directions in remote sensing-based crop monitoring and yield predictions are also 
highlighted.  
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Assessing Cropland Area in West Africa for Agricultural Yield Analysis 
Paper # 1 
Samasse, K.; Hanan, N.P.; Tappan, G.; Diallo, Y. Assessing Cropland Area in West 
Africa for Agricultural Yield Analysis. Remote Sens. 2018, 10, 1785. 
Abstract 
Accurate estimates of cultivated area and crop yield are critical to our 
understanding of agricultural production and food security, particularly for semi-arid 
regions like the Sahel of West Africa, where crop production is mainly rainfed and food 
security is closely correlated with the inter-annual variations in rainfall. Several global 
and regional land cover products, based on satellite remotely-sensed data, provide 
estimates of the agricultural land use intensity, but the initial comparisons indicate 
considerable differences among them, relating to differences in the satellite data quality, 
classification approaches, and spatial and temporal resolutions. Here, we quantify the 
accuracy of available cropland products across Sahelian West Africa using an 
independent, high-resolution, visually interpreted sample dataset that classifies all 
points across West Africa using a 2-km sample grid (~500,000 points for the study 
area). We estimate the “quantity” and “allocation” disagreements for the cropland class 
of eight land cover products in five Western Sahel countries (Burkina Faso, Mali, 
Mauritania, Niger, and Senegal). The results confirm that coarse spatial resolution (300 
m, 500 m, and 1000 m) land cover products have higher disagreements in mapping the 
fragmented agricultural landscape of the Western Sahel. Earlier products (e.g., 
GLC2000) are less accurate than recent products (e.g., ESA CCI 2013, MODIS 2013 
and GlobCover 2009). We also show that two of the finer spatial resolution maps 
(GFSAD30, and GlobeLand30) using advanced classification approaches (random 
forest, decision trees, and pixel-object combined) are currently the best available 
products for cropland identification. However, none of the eight land cover databases 
examined is consistent in reaching the targeted 75% accuracy threshold in the five 
Sahelian countries. The majority of currently available land cover products 





Inter-annual variability in crop production associated with climate variability, 
pests, and diseases is a global concern, particularly for developing countries, where 
rural communities often lack the capital to help them cope with crop failures and food 
shortages (Conceição et al., 2011). Food security is therefore one of the major 
challenges faced by rural communities in developing countries. In this context, accurate 
estimates of the cultivated area, as part of crop yield and monitoring programs, are 
critical to our understanding of agricultural production, food security, and the 
associated social and economic issues (Zhong et al., 2014). Remote sensing-based land 
cover products constitute an important source of information for analyzing the 
dynamics of natural and anthropogenic terrestrial ecosystems, particularly for planning 
food security policies (Hüttich et al., 2011). At national, regional, and global scales, 
satellite-based systems are necessary, because of their ability to measure large areas, 
providing timely and consistent data.  
Several freely accessible global land cover products, including agricultural land 
cover classes, are available at varying spatial resolutions. These products utilize 
different sources of satellite data and implement different classification approaches, 
with varying accuracy and spatial resolution (Herold et al., 2008). Previous analyses 
have reported overall and class-specific accuracies at a global scale for some of these 
land cover products (Olivier Arino et al., 2008; ESA-CCI, 2013; Friedl et al., 2010; 
Mayaux et al., 2006). However, a more detailed regional assessment, particularly for 
the West African Sahel, of these global products has so far not been published.  
The class-specific accuracy of GLC2000 (Mayaux et al., 2006), MODIS collection 
5 land cover (Friedl et al., 2010), GlobCover (Olivier Arino et al., 2007), and ESA CCI 
Land Cover (ESA-CCI, 2013) have been reported only at global or continent scales, 
with important disparities among them, particularly for the cropland classes. At a 
continent scale, Fritz et al. (2011) developed a synergy cropland map (IIASA Cropland) 
for sub-Saharan Africa, using five global land cover datasets (GLC2000, MODIS Land 
Cover, GlobCover, MODIS Crop Likelihood, and AfriCover). The combined product 
has been validated using a Geo-Wiki crowdsourcing application, with reported 
improvements over the individual datasets for the cropland class (Fritz et al., 2011). A 
similar cropland intensity map has been initiated by the Food and Agriculture 
Organization of the United Nations (FAO) as part of the GLC-SHARE global land 
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cover data. GLC-SHARE aims to provide the global climate modeling community with 
a baseline product (Latham et al., 2014). 
The overall accuracy or cropland class accuracy may change among regions and 
continents, because the classification approaches may be more or less successful, and 
because the availability and quality of the training and reference datasets may vary. For 
example, at an Africa continent scale, Wei et al. (2018) compared the cropland class of 
five land cover products using Google Earth imagery and the FROM-GLC dataset for 
validation information. The results showed different accuracies for the different climate 
zones in Africa. However, the FROM-GLC product itself is found to underestimate the 
cropland area for African countries (Laso Bayas et al., 2017), and the overall accuracy 
reported by Wei et al. (2018) includes both crop and non-crop classes, without a crop 
class-specific accuracy assessment. In general, accuracy assessments of land cover 
products have been done with a less detailed evaluation of the cropland classes at 
national or regional levels. By using a more accurate reference dataset (the result of 
manual interpretation of higher spatial resolution images and USGS expert validation; 
(Tappan et al., 2016)), this paper aims to conduct a detailed performance assessment of 
the various global land cover datasets so as to accurately map the cultivated area in five 
Sahelian West Africa countries (Burkina Faso, Mali, Mauritania, Niger, and Senegal). 
Specifically, we focus on reporting the cropland class user’s accuracy (i.e., number 
correctly identified in a given map class divided by number claimed to be in that map 
class, related to commission error), the quantity and allocation disagreements based on 
Pontius and Millones (Pontius Jr & Millones, 2011), and the good practices of map 
accuracy assessment suggested in Olofsson et al. (2014). We also report the “area 
ratio”, which is the area of cropland estimated in each global land cover (GLC) product 
for each country, divided by the area in the reference dataset, as a metric of how well 
each product defines cropland area. 
2.2. Materials and Methods  
Figure 2.1 describes the different steps for assessing the accuracy of the land cover 
products for each of the five Sahelian countries, including the eight global datasets 
included in the analysis, preprocessing, and extraction of the sample points derived 
from the reference data (details below). For each global land cover product, we created 
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a confusion matrix with error metrics. The final assessment is the comparison of crop 
areas as identified by the land cover products and the reference data. 
 
Figure 2. 1. Major steps of the accuracy assessment of different land cover products. 
2.2.1. Reference Data 
The West Africa Land Use Dynamics Project (WALUDP) has developed a three-
period dataset (1975, 2000, and 2013) to map land use and land cover change across 
West Africa (CILSS, 2016; Cotillon, 2017b; Tappan et al., 2016). Hundreds of Landsat 
images with a 30 m spatial resolution (Landsat TM, ETM+, and OLI) and 80 m spatial 
resolution (Landsat MSS) were sampled at 2 km intervals using the Rapid Land Cover 
Mapper (RLCM) tool. RLCM was developed by the U.S. Geological Survey (USGS) 
to facilitate manual image interpretation over large areas and for different periods of 
time (Cotillon & Mathis, 2017). The sampling consisted of superimposing a grid of dots 
over the imagery. Each dot of the 2 km by 2 km grid was visually interpreted by experts 
with local experience in each country. The interpretations were based on Landsat data, 
with high resolution satellite and aerial photography used to supplement or validate the 
Landsat classifications. The final dataset provides a classification into one of the 25 
land cover types for each centroid of the 2 km grid, with possible land cover classes, 
including multiple non-agricultural classes, and agricultural classes, including rainfed 
and irrigated cropland. The approach, based on expert visual interpretation, with 
specific local knowledge of the environments being classified, is expected to show 
better results than semi- or fully-automated classifiers, particularly for the cropland land 
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cover type across West Africa (CILSS, 2016). In this study, we used 50% of the 2 km 
by 2 km data points (selecting data from 2000 or 2013 so as to be closest to the nominal 
date of the global datasets) as the reference information for assessing the independent 
land cover products.  
Quality control for the reference data was carried out using multiple sources of 
ancillary data, including thousands of aerial photographs taken by the WALUDP team, 
high-resolution verification using Google Earth satellite imagery, and field validation 
in each country, facilitating the systematic verification of land cover assessments 
(Cotillon, 2017a). In addition, image interpretation and land cover assessments carried 
out by national experts were reviewed and revised during regular collaborative 
workshops in West Africa, in order to ensure consistent practice between country teams 
and USGS partners.   
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2.2.2. Land Cover Products 
The land cover products assessed in this analysis are shown in Table 2.1. In this 
paper, we focus on the accuracy assessment of crop classes rather than on assessing the 
performance of non-crop land cover classes.  
2.2.2.1. GLC2000 
The global land cover database for the year 2000 (GLC2000) has been coordinated 
by the European Commission’s Joint Research Center (JRC) in collaboration with 30 
research partners (http://forobs.jrc.ec.europa.eu/products/glc2000/products.php). The 
global product is generated based on regional products defined by national and regional 
experts across the world, using the SPOT-Vegetation data [4]. In total, the global 
product has 22 land cover types at a 1 km spatial resolution. The land cover classes are 
compatible with the United Nations Land Cover Classification System (UN-LCCS) 
(Bartholome & Belward, 2005). 
2.2.2.2. GlobCover 
GlobCover is an initiative of the European Space Agency (ESA) to produce a 
global land cover product at a finer spatial resolution than the GLC2000 
(http://due.esrin.esa.int/page_globcover.php). The first product (GlobCover V2.2) is 
centered on years 2005–2006 (Olivier Arino et al., 2007) and the second (GlobCover 
V2.3) is on year 2009 (O. Arino, 2009). The ENVISAT MERIS sensor data at a 300 m 
spatial resolution is the main input data for the GlobCover product. Given the 
improvements in the underlying data and the classification technique in V2.3 (O. Arino, 
2009), we have focussed more on the performance of the more recent product.  
2.2.2.3. ESA LC CCI  
The European Space Agency Land Cover of the Climate Change Initiative project 
(ESA LC CCI) is a set of multi-sensor global land cover databases (https://www.esa-
landcover-cci.org/). Recently, the ESA has released a time series of land cover maps, 
from 1992 to 2015, at a 300 m pixel size (UCL-Geomatics, n.d.). A combination of 
ENVISAT MERIS, SPOT-Vegetation, and ASAR instruments are used to develop a 
consistent global land cover product, as a European contribution to the Essential 
Climate Variables (ECV) list required by the United Nations Framework Convention 
on Climate Change (UNFCCC). The availability of Sentinel-2 time-series data has also 
contributed to the development of a prototype for the existing finest spatial resolution 
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(20 m) land cover database of Africa for the year 2016. Both the 300 m (CCI) and 20 
m (CCI-20) land cover maps are assessed in this study. 
2.2.2.4. GlobeLand30 
A 30-m global land cover product was recently developed by Chinese National 
Geomatics Center for two periods, 2000 and 2010 
(http://www.globeland30.org/GLC30Download/index.aspx). An ensemble of 
classifiers based on the integration of pixel- and object-based land cover classification 
were used, with expert knowledge for better handling of spectral confusion and 
diversity of complex landscapes across the globe (J. Chen et al., 2015). Thousands of 
Landsat images, together with the Chinese HJ-1 satellite images, served in the 
development of GlobeLand30 maps.  
2.2.2.5. MODIS Land Cover  
The Moderate Resolution Imaging Spectroradiometer (MODIS) collection 5.1 
Land Cover product (MCD12Q1 at 500 m) was also assessed in this study 
(https://lpdaac.usgs.gov/dataset_discovery/modis/modis_products_table/mcd12q1). 
MCD12Q1 is a yearly global land cover dataset, covering years 2001 to 2013, derived 
from both Terra and Aqua observations, using five global land cover classification 
systems (Friedl et al., 2010). We used the International Geosphere Biosphere 
Programme (IGBP) classification scheme with 17 land cover classes developed using 
an ensemble of decision trees based on training data and ancillary data layers, with 
noise reduction and quality assessments (as described by the authors of (Friedl et al., 
2010)).  
2.2.2.6. Global Land Cover SHARE 
The Global Land Cover SHARE (GLC-SHARE; 
http://www.fao.org/geonetwork/srv/en/main.home) was developed by the Food and 
Agriculture Organization of the United Nations (FAO) as a merger of national, regional, 
and global databases, with a high and medium spatial resolution (30 m or less) and 
~66% global coverage. In the absence of high resolution national and regional data, 
coarser-scale land cover estimates were used. The multi-temporal and multi-source data 
were then harmonized and standardized using a data fusion approach based on the Land 
Cover Classification System (LCCS) and the Land Cover Meta Language (LCML) 
elements. The final product has a spatial resolution of ~1 km, with 11 aggregated land 
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cover types represented with 0 to 100% of the area covered in each pixel (Latham et 
al., 2014).  
2.2.2.7. IIASA IFPRI Cropland Map 
By adopting a hybrid data integration approach, the authors of (Fritz et al., 2015) 
developed a global cropland percentage map at a 1 km spatial resolution, referred to as 
the International Institute for Applied Systems Analysis-International Food Policy 
Research Institute (IIASA IFPRI) cropland product 
(http://www.iiasa.ac.at/web/home/about/news/150116-Cropland-Maps.html). Several 
global land cover products combined, with regional and national datasets used as the 
inputs to create this cropland intensity map, which were validated using FAO 
agricultural statistics data.  
2.2.2.8. GFSAD Crop Extent for Africa 
This product was developed by the NASA Global Food Security Support Analysis 
Data (GFSAD) combining Landsat 8 and Sentinel-2 data. A combination of pixel- and 
object-based classification approaches has been used to develop the dataset. 
Specifically, random forest, support vector machine, and the recursive hierarchical 
segmentation (RHSeg) algorithms were used to improve the performance of the data 
classification for cropland mapping. The product has a 30 m spatial resolution with 
2015 as the nominal assessment year (Xiong et al., 2017). 
2.2.3. Accuracy Assessment 
2.2.3.1. Sampling Design 
The global land cover datasets were separated into two groups so as to differentiate 
those with multiple land cover classes from those with only crop intensity information 
(Table 2.1). The land cover classes for class-based products were redefined as 
“cropland”, “mixed cropland”, and “non-cropland”, based on the class descriptions 
associated with each product. For the second group, we reclassified the crop intensity 
according to the percentage cropland, with 50–100% of the crops defined as “cropland”, 
and less than 50% defined as “mixed crop” (Table 2.1). We then sampled the 
reclassified (crop, mixed crop, and non-crop) land cover datasets using the coordinates 
of the reference data (described above), providing systematic (regular) reference land 
cover assessments every 4 km across the entire region (257,724 sample points; Figure 
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2.2). That is, for each reclassified land cover, at each of these 257,724 points, we 
extracted the pixel value (equivalent to the category or land cover class). An error 
matrix is then created using the extracted pixel values.
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Table 2. 1. Characteristics of the different Land Cover Products Crop classes. The numbers in brackets (e.g., in Cropland (4)), are the class numbers, as reported by the producers. 










Croplands (>50%) (18); tree 
crops (21); irrigated 
croplands (20) 




Post-flooding or irrigated 
croplands (11); rainfed 
croplands (14) 
Mosaic cropland (50–70%)/vegetation (grassland, shrubland, and 
forest) (20–50%) (20); mosaic vegetation (grassland, shrubland, and 
forest) (50–70%)/cropland (20–50%) (30) 
2005;2009 300 
ESA CCI LC series 
Cropland rainfed (10); 
cropland irrigated (20) 
Mosaic cropland (30) 1992–2015 300 
ESA CCI 20 m Cropland (4)  2016 20 
GlobeLand30 Cultivated land (10)  2010 30 
GFSAD 30 m Crop 
Extent 
Croplands (2)  2015 30 
MODIS Land Cover 
(MCD12Q1) 






I IIASA IFPRI 
Cropland 
Crop intensity greater than 
50% 
Crop intensity less than 50% 2005 1000 
GLC SHARE 
Crop intensity greater than 
50% 























Figure 2. 2. Example of the GlobCover V2.2 land cover map, aggregated into crop and non-crop classes, and a 
sample selection for error assessments. The first step was to aggregate the land cover classes with respect to the 
presence of agricultural activity. The second step extracted land cover data based on latitude and longitude of the 
reference data set (sampling every second location; green circles). 
2.2.3.2. Metrics of accuracy 
Pontius Jr & Millones (2011) suggested a method to assess the accuracy of 
classified maps derived from the remote sensed data. The method is based on two 





Samples selection using the longitude and 
la itude of the reference data points 
Aggregation into Crop and Non-Crop 
GlobCover V2.2 land cover map 
with multiple land cover classes 
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defined as the difference between the reference classes and the map classes, which is 
due to the mismatch in the proportions of the different classes. For our study, the Q can 
be considered to be a measure of error in “how much cropland” there is. A is the 
difference between the reference classes and the map classes, which is due to a 
mismatch in the spatial location of the categories. For our study, A translates as error 
in “where the cropland is”. The total disagreement is the sum of Q and A (Pontius Jr & 
Millones, 2011). The calculation is based on a stratified sampling method. Each land 
cover class (in our case, crop, mixed crop, and non-crop) is considered as a stratum 
with a number of pixels, N. The sample confusion matrix (Table 2.2) is created by 
extracting the pixel values corresponding to the reference data points within each 
country. From this sample table, we then estimated the population confusion matrix 
(Table 2.3) for a random or systematic stratified sampling, using equation (1). 
Table 2. 2. Sample confusion matrix for two aggregated land cover types (i.e., GLC group 2). 
                       Ref. 
GLC 
1. Crop/Mixed Crop 2. Non-Crop 
1. Crop/Mixed Crop 𝑛11 𝑛12 
2. Non-Crop 𝑛21 𝑛22 
The 𝑝𝑖𝑗 represents the estimate of the area proportion of the population that has 
class i of the global land cover product and class j for the reference data (Olofsson et 











)  (1) 
Where 
j=1 … J is the number of classes in the reference data, 
i=1 … J is the number of classes in the global land cover product, 
∑ 𝑛𝑖𝑗
𝐽
𝑗=1  is the sample total for class i, 






Table 2. 3. Population confusion matrix for two aggregated land cover types (i.e., global land cover (GLC) group 
2).  
               Ref. 
GLC 
1. Crop/Mixed Crop 2. Non-Crop 
1. Crop/Mixed Crop 𝑝11 𝑝12 
2. Non-Crop 𝑝21 𝑝22 
Summary of the confusion matrix 
The quantity disagreement (Q) and allocation disagreement (A) are estimated using 
the population table [23], expressed by Equations (2) to (5). 
𝑞𝑘 = |(∑ 𝑝𝑖𝑘
𝐽
𝑖=1
) − (∑ 𝑝𝑘𝑗
𝐽
𝑗=1
)|  (2) 






  (3) 
𝑎𝑘 = 2 × 𝑚𝑖𝑛 [|(∑ 𝑝𝑖𝑘
𝐽
𝑖=1
) − 𝑝𝑘𝑘  , (∑ 𝑝𝑘𝑗
𝐽
𝑗=1
) − 𝑝𝑘𝑘|]  (4) 






  (5) 
The overall accuracy (OA) or proportion correct is estimated using Equation (6), 
and the user’s accuracy (UA) for a specified class is given by Equation (7). 











2.3.1. All Crop (Crop and Mixed Crop) Quantity and Allocation 
Disagreements 
Here, we focused on the overall accuracy of the cropland designations in the global 
land cover products, defining “all crop” to be the sum of the “crop” and “mixed crop” 
classes. Figure 2.3 shows the results obtained in terms of the disagreements in the crop 
class, organized by country. The proportions are expressed in terms of quantity 
disagreement and allocation disagreement. In the majority of cases, the most important 
part in the total disagreement is as a result of the quantity disagreement. This is 
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particularly the case in Mauritania, where the disagreement due to allocation is 
negligible compared with the quantity disagreement, resulting in a large overestimation 
in the total number of pixels identified as crop in the land cover products, relative to 
the reference data. The maximum total disagreement occurs with the GLC2000 product 
in Burkina Faso (50%), Mali (28%), and Senegal (66%). The maximum disagreement 
in Niger is observed with GLOBCOVER2009 (26%), and in Mauritania with 
ESACCI20.2016 (30%). The 20 m spatial resolution land cover product of ESA CCI 
(for 2016) is significantly less accurate among the databases for cropland mapping in 
Mauritania, as compared to the other countries in the study area. Qualitatively and 
quantitatively, the most accurate crop predictions are from GlobeLand30 and 
GFSAD30. These products both have a 30 m spatial resolution, using Landsat images 
as the main inputs for the classification. This finding regarding GlobeLand30 is in line 








                      (e) 
Figure 2. 3. All cropland (sum of crop and mixed-crop classes) quantity disagreement (quantity = how much 
cropland) and allocation disagreement (allocation = where the cropland is) in five Sahelian West African 
countries: Burkina Faso (a), Mali (b), Mauritania (c), Niger (d) and Senegal (e). Twelve independent land cover 
assessments (eight “products”, some with multiple years) are used. 
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2.3.2. Cropland User’s Accuracy  
2.3.2.1. All Crop (Crop and Mixed Crop) User’s Accuracy 
Metrics like the user’s and producer’s accuracy are often reported to bring 
additional class-specific information to remote sensing-based classifications. In this 
study, we are interested in assessing how well land cover products classify crop classes 
(i.e., the user’s accuracy). Based on Figure 2.4, it is evident that GlobeLand30 and 
GFSAD30 present the best accuracy for cropland mapping. GLC2000 has the greatest 
misclassification proportion. Mauritania is the country among the five involved that are 
in this research where the land cover products did not perform well in locating crop 
areas. Half of the land cover products completely failed (accuracy ~0%) to identify 
cropland correctly. Maybe because of the particularly small size of farms in this 
country. Mauritania also has the least agricultural land area in West Africa, mostly 
localized along the Senegal River. It is also worth mentioning that the 20 m land cover 





Figure 2. 4. User’s accuracy of the “all crop” class by country and land cover product. 
On average, for all countries and land cover products, the user accuracy is 35.97% 
(Figure 2.5a). Figure 2.5b shows that the low accuracy in Mauritania reduces the overall 
average user’s accuracy. Averaging the user’s accuracy without Mauritania increases 
the metric to 43.57% (Figure 2.5c). Cropland mapping accuracy among land cover 
products shows that GFSAD30 and GlobeLand30 present the best accuracies (with and 
without the inclusion of Mauritania). In the majority of cases, land cover products have 
less than 50% of the cropland pixels identified, based on the reference information. 
Most of the more recent land cover datasets (those developed after 2010, except for the 
FAO GLC SHARE) present accuracies above the average, indicating gradual 
improvements related to the availability of more recent remote sensing datasets, 
calibration data, and analytics. Those datasets are the 2013 ESACCI with a 300 m pixel 
size (51.2%), ESACCI prototype with a 20 m for 2016 (45.4%), GFSAD with a 30 m 
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for 2015 (73.1%), GlobeLand30 with a 30 m for 2010 (79.5%), and MODIS with a 500 





Figure 2. 5. User’s accuracy of crop class for all countries (a), all GLC products (b), and all GLC products, with 
Mauritania removed (c). 
2.3.2.2. User’s Accuracy for Separate Crop and Mixed Crop Classes 
The two land cover classes (“crop” and “mixed-crop”; Table 2.1) are analyzed 
separately in this section. Land cover products with a unique agricultural class, like 
ESA CCI at 20 m, GFSAD30, and GlobeLand30, are analyzed in the category of crop 
class without a mixed crop (Table 2.1). The products with the crop intensity in a 
percentage, like GLC SHARE and the IIASA crop intensity, are analyzed with separate 
crop and mixed crop classes. A striking illustration of user’s accuracy through the two 
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above-mentioned crop classes can be seen in Figure 2.6. Each of the five countries 
(Burkina Faso, Mali, Mauritania, Niger, and Senegal) are presented by crop class and 
land cover product. The two thresholds (see Figure 2.5), one at 75% and another at 
25%, are taken as the targeted values for crop and mixed crop classes, respectively. The 
assumptions being that the crop class pixels with a 50–100% crop cover are identified 
as cropland (hence an average value of 75%), while pixels with a 0–50% crop cover are 
identified as the mixed crop (hence an average value of 25%). For the crop and mixed 
crop categories, land cover products with explicit details on the fraction of cropland in 
pixels are considered in the analysis. Those products are ESA CCI, GLC2000, 
GlobCover, GLC SHARE, IIASA Cropland, and MODIS land cover datasets (Table 
2.1). None of the land cover products reach the accuracy of 75% for crop class for all 
of the five countries. GFSAD30 and GlobeLand30 have the most accurately mapped 
cropland in this category, with accuracies exceeding 80% in some countries. For 
example, in Niger and Senegal, these accuracies are 87.35% and 81.38%, respectively, 
for GFSAD30, and 88.91% and 82.64%, respectively, for GlobeLand30. They are 
followed by the ESA CCI land cover of year 2013, GLC SHARE, and IIASA crop 
intensity map. GlobCover and MODIS have a similar crop accuracy in Burkina Faso 
and Senegal. GLC2000 remains the least accurate in this category of crop class in terms 
of user’s accuracy. Contrary to the crop class, the mixed crop class has been relatively 
well identified, as the majority of land cover products have more than 25% of mixed 
crop user’s accuracy. On average, the MODIS and ESA CCI land cover products for 
2013 have the best accuracies in locating pixels with mixed cropland. They both have 
a coarse resolution, of 500 m and 300 m, respectively. At the country level, Mauritania 
is shown as being exceptionally poorly mapped in terms of cropland for both of the two 










2.3.3. Cropland Area Assessment 
2.3.3.1. All Crop Commission and Omission Disagreements 
The reported omission disagreement and commission disagreement in Figure 2.7 
correspond to false negative and the false positive outcomes [or cases], respectively. 
They are equivalent to the off-diagonal terms of the crop/mixed crop class p12 
(commission) and p21 (omission), as defined in Table 2.3. The agreement value is the 
diagonal term p11 for the crop/mixed crop class. A higher value of commission 
disagreement compared to omission disagreement is similar to an overestimation 
cropland. On the other hand, if the omission disagreement is greater than the 
commission disagreement, the cropland is underestimated by the land cover product. 
Any difference between these two metrics of disagreement means a non-zero quantity 
disagreement from the crop class. Based on this analysis, the GLC2000, GlobCover 
2005, GLC SHARE, ESACCCI 2000, and MODIS 2013 products visibly present the 
most important difference between omission and commission disagreements. 
Therefore, they are expected to have a greater overestimation of crop area. 
GlobeLand30 and GFSAD30 have omission disagreements greater than commission 
disagreements, leading to an underestimation of crop area. This underestimation is 
















Figure 2. 7. Crop proportion correct with the relative omission and commission misclassifications. Higher 
commission to omission disagreement = overestimation of cropland, while higher omission to commission 
disagreement = underestimation of cropland. 
2.3.3.2. Cropland Area Ratio (GLC/Reference Map) 
Figure 2.8 illustrates the general trends of the GLC products cropland area 
estimation in the study region. These trends are mainly an overestimation of the crop 
area. At the country level, land cover products have overestimated the cropland area by 
a factor greater than 20 in Mauritania, while this factor has an average of less than 2 in 
other countries (Figure 2.8a). For this reason, the aggregation of area ratios by land 









Figure 2. 8. Ratio of mapped and reference crop areas. Aggregated by country (a), and by land cover products (b) 
with the ideal situation (ratio = 1) in red and the observed average ratio (1.69) in green. 
The generalized overestimation of crop areas shown in Figure 2.8b is in line with 
what has been previously discussed, relative to the difference between omission and 
commission disagreements. A ratio greater than 1 indicates a tendency, across most of 
the GLC products, to an overestimation of the cropland area. On average, the GLC 
datasets overestimate the cropland area by about 69%, although two GLCs (GFSAD30 
with a ratio of 0.8 and GlobeLand30’s with a ratio of 0.6) underestimate the cropland 




presents the most substantial variations in crop areas estimation, followed by 
GlobCover. 
2.4. Discussion 
Recently developed land cover datasets (after 2010) seem to have a better accuracy 
in cropland mapping in the Sahel region (Figures 2.4 and 2.6). This is due not only to 
the availability of newer sensors with higher spatial, spectral, and radiometric 
resolutions (e.g., Landsat 8: https://landsat.usgs.gov/landsat-8, and Sentinel 2: 
https://sentinel.esa.int/web/sentinel/home), but also to the progress made in the 
implementation of new approaches of satellite image processing, particularly in 
machine learning techniques (Support Vector Machine, Decision trees, Random forest, 
Segmentation algorithm). GFSAD30 and GlobeLand30, which have shown better 
cropland estimation in Western Sahel, compared to the other land cover products, were 
developed using random forest and pixel–object-based (i.e., an optimization of the 
pixel-based and object-based methods) classification algorithms, respectively. These 
new algorithms are becoming popular within the remote sensing community, because 
of their abilities to accurately classify land cover (Breiman, 2001; Y. Chen et al., 2018). 
However, at the country and regional scales of this West Africa analysis, using high 
quality and high density reference information, we found that both GFSAD30 and 
GlobeLand30 have a cropland class user’s accuracy below that reported by the 
producers; which is in conformity with previous findings in assessing the GlobeLand30 
dataset at a country level (Kenya) reported by the authors of (See et al., 2017). 
In general, the land cover maps with multiple classes based on coarse spatial 
resolution (i.e., 300 m or greater) satellite images did not perform well in identifying 
crop areas in the region of study. At this coarse spatial resolution, it is common to find 
cropland mixed with fallow and other cover types in the fragmented Sahelian 
agricultural landscape, adding another level of complexity in land cover classification 
(Townshend et al., 2000). The best user’s accuracy for the mixed cropland class is 
shown with the European climate change initiative product of the year 2013 at 300 m 
(ESACCI 2013). This is in large part because the moderate spatial resolution products 
(i.e., 30 m and 20 m) do not have a mixed class for cropland. GLC2000, developed 
around the year 2000, with its 1 km pixel size, has the highest disagreement values and 




been made with the ESA CCI land cover series, the GlobCover at 300 m spatial 
resolution, and MODIS land cover at 500 m. These products have multi-year data 
(ranging from 1992 to 2015 for ESACCI, 2004 to 2009 for GlobCover, and 2001 to 
2013 for MODIS). The results of this study suggest that multi-year products are 
improving through time, perhaps because of better classification approaches (e.g., 
handling mixture of cover types in pixels), as data are coming from the same sensors. 
However, we found a general overestimation of crop areas in this category of land cover 
product. The specific case of ESA CCI’s overestimation of cropland area has been 
concluded by Laso Bayas et al. (2017) across the Africa continent in previous studies. 
Attempts to improve land cover products, particularly for mapping the crop extent, 
have led to the development of hybrid products with cropland intensity (from 0 to 
100%), created by fusing various data sources with different existing land cover 
datasets. Data fusion is well known approach in remote sensing. Its’ goal is to obtain a 
higher reliability by using multi sources data (Castanedo, 2013). These synergistic or 
hybrid products are normally at coarser spatial resolution (~1 km) and include GLC 
SHARE and IIASA Crop intensity products assessed in this study, which both 
overestimate cropland in West Africa with crop area ratios above the overall average 
(i.e., 1.69) (Figure 2.8b). 
Our results confirm the general observation that coarse pixel size is not suitable for 
mapping the fragmented cropland landscapes in the West African Sahel. However, 
expectations for the improved identification of small agricultural fields in West Africa 
are generally not met with higher resolution products, including the recently released 
20 m ESA CCI land cover product based on Sentinel 2 images. Indeed, ESA CCI 
presents worse agreement in mapping cropland than the 30-m based products like 
GFSAD30 and GlobeLand30. Even if the year of production could be a factor in the 
disagreement between those three products (2016 for ESACCI 20 m, 2010 for 
GlobeLand30, and 2015 for GFSAD30), this raises questions about the approach and 
training data used to develop the 20 m ESA product for Africa. The spectral and 
structural similarities of cropland with the surrounding natural vegetation (shrubs, 
grassland, savanna, and fallow) could also lead to difficulties in correctly mapping crop 






In total, eight land cover products were assessed in this study, with a focus on 
cropland classes across five Western Sahel countries (Burkina Faso, Mali, Mauritania, 
Niger, and Senegal). These products have been developed for diverse purposes and 
present different characteristics in terms of input data, algorithm of classification, and 
consistency. 
In general, a low user’s accuracy of cropland class and high crop area ratios 
(overestimation) are observed with coarse spatial resolution (i.e., 300 m or greater) land 
cover products. However, these products seem to map accurately the mixed cropland 
class, as the majority of land cover products in this category have more than 25% of the 
mixed crop user’s accuracy. ESACCI 2013 for example reaches a user’s accuracy of 
76.67% in Niger. 
Progress in computational power, combined with the availability of new sensors 
and optimized algorithms, have led to the development of improved land cover datasets. 
These datasets at 30 m (GFSAD30 and GlobeLand30) or 20 m (ESACCI 2016) are 
created sometimes by fusing more than one source of data (e.g., Landsat 8 and 
Sentinel2). However, while GFSAD30 and GlobeLand30 have shown better accuracy 
and improvement in the crop area ratio compared to the coarser pixel size products, 
similar expectations are not met with the 20 m ESA CCI land cover. 
Overall, among the studied land cover products, GFSAD30 and GlobeLand30 
present better accuracy in identifying crop areas. They have, in the Sahel, an average 
cropland class accuracy of 68.89% and 64.19% for GlobeLand30 and GFSAD30, 
respectively, approaching the target accuracy of 75%, although both tend to 
underestimate crop areas. Given the importance of agriculture for food security and 
livelihoods in West Africa, the development of remote sensing-based approaches to 
monitoring agricultural yields is of critical importance. The accurate geolocation and 
area quantification of the croplands is a necessary first step. Our results suggest a 
considerable variability in the accuracy of the cropland assessments available in the 
GLC products. However, gradual improvements associated with newer sensors and 
higher spatial resolution, coupled with innovations in analytical approaches, have led 
to increases in the overall accuracy as well as the decreasing quantity and allocation 




facilitate the error assessment of the global land cover products, and open the door to 
locally optimized agricultural land use and land cover assessments. 
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cropland map for the West African Sahel based on high-density training data, google 
earth engine, and locally optimized machine learning. Remote Sensing. 
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Abstract 
The West African Sahel cropland map (WASC30) is a new 30-meter cropland 
extent product for the nominal year of 2015. We used the computing resources provided 
by Google Earth Engine (GEE) to fit and apply Random Forest models for cropland 
detection in each of 189 grid cells (composed of 100 km squares, hence a total of ~1.9 
x 106 km2) across five countries of the West African Sahel (Burkina Faso, Mauritania, 
Mali, Niger, and Senegal). Landsat-8 surface reflectance (Bands 2-7) and vegetation 
indices (NDVI, EVI, SAVI, and MSAVI), organized to include dry-season and 
growing-season band reflectances and vegetation indices for the years 2013-2015, were 
used as predictors. Training data were derived from an independent, high-resolution, 
visually interpreted sample dataset that classifies sample points across West Africa 
using a 2-km grid (~380,000 points were used in this study, with 50% used for model 
training and 50% used for model validation). Analysis of the new cropland dataset 
indicates a summed cropland area of ~316 x 103 km2 across the 5 countries, primarily 
in rainfed cropland (309 x103 km2), with irrigated cropland area (7 x103 km2) 
representing 2% of the total cropland area. At regional scale the cropland dataset has 
an overall accuracy of 90.1% and a cropland class (rainfed and irrigated) user’s 
accuracy of 79%. At bioclimatic zones scale, results show that land proportion occupied 
by rainfed agriculture increases with annual precipitation up to 1000 mm. The Sudanian 
zone (600-1200 mm) has the highest proportion of land in agriculture (24%), followed 
by the Sahelian (200-600 mm) and the Guinean (1200+) zones for 15% and 4%, 
respectively. The new West African Sahel dataset is made freely available for 
applications requiring improved cropland area information for agricultural monitoring 





Timely and accurate information on cultivated areas is of paramount importance 
for food security planning (Latham, 2009; Thenkabail et al., 2009). This is particularly 
true in developing regions, like the West African Sahel, where most cropland is rainfed 
and agricultural production is susceptible to fluctuations in precipitation (Hollinger & 
Staatz, 2015). Earth Observation (EO) satellites can contribute significantly to 
providing information to the agricultural sector, as they allow for consistent land 
surface imaging over broad spatial extents (regionally or globally) with high revisit 
frequency (Atzberger, 2013). That makes these technologies suitable for monitoring 
vegetation (H. G. Jones & Vaughan, 2010), cropland area (H. G. Jones & Vaughan, 
2010; Pérez-Hoyos et al., 2017; Xiong et al., 2017) and agricultural production (Burke 
& Lobell, 2017; Hong et al., 2019; Löw et al., 2017; Rembold et al., 2019). Optical 
remote sensing in particular offers unique possibilities for mapping cropland extent, in 
addition to monitoring the growth and eventual yield of cultivated lands (Kobayashi et 
al., 2019; Xue & Su, 2017). 
The accuracy of remote sensing based land cover (including cropland) products 
varies considerably depending on the scale of assessment, the statistical approaches 
adopted and the quality and quantity of training and evaluation data. Samasse et al. 
(2018) recently reviewed eight global and regional land cover maps (Olivier Arino et 
al., 2008; Bartholome & Belward, 2005; Bontemps et al., 2015; J. Chen et al., 2015; 
Friedl et al., 2010; Fritz et al., 2011; Latham et al., 2014; Xiong et al., 2017) using high-
density evaluation data for the five countries of the Western Sahel (Burkina Faso, Mali, 
Mauritania, Niger and Senegal). The study focused uniquely on cropland classes. They 
found large errors in all existing products, particularly in the coarser resolution (>300 
m) products.  However, even the higher resolution (~30 m) datasets had accuracy 
statistics ("user's accuracy") less than 75%, and all existing products were greatly biased 
to overestimate the area of active cropland in the region. More recent studies benefitted 
from high spatial resolution data (10 m or less) to map cropland in the region. For 
example, Tong et al. (2020) used full-year Sentinel-2 NDVI data and Random Forest 
classifiers to separate cropland from fallow across the Sahel belt (Tong et al., 2020) at 
10 m resolution, reporting an overall average accuracy of 88% for crop and fallow 
classes. However, they also used several land cover products with known moderate or 




CGLS LCC 100 m (Buchhorn et al., 2019), and ESA CCI 300 m (Bontemps et al., 
2015) maps, used as croplands mask in Tong et al. (2020), have low cropland class-
specific accuracy (~60%) (L. Li et al., 2019) and high area overestimation (Samasse et 
al., 2018), respectively. That may lead, via error propagation, to important 
misclassifications in the final product, attenuating our ability to retrieve cultivated land 
area as a precursor to yield modeling and prediction. 
The clear need for improvements in cropland area assessments in the Sahel 
region, coupled with the potential for improvements made possible using higher 
resolution data, also increases the need for computational resources, new methods, and 
technical skills for effective processing and analysis. Google Earth Engine (GEE) 
(Gorelick et al., 2017) is one of the platforms currently facilitating access and 
processing of larger data volumes for diverse operational applications including 
cropland mapping. The Landsat data archive, in particular, with 30 m spatial resolution, 
long temporal record and no cost, provides an opportunity to map large scale 
agricultural regions consistently and in greater detail (L. Kumar & Mutanga, 2018; Roy 
et al., 2014). Recent satellite instrument additions (e.g. Copernicus Sentinel 
Instruments) provide increasing opportunities to combine data from multiple sources 
for improved spatial, temporal and radiometric resolution.  
In this study, we leverage the availability of more than 400,000 land-cover 
training data points for the year 2013 (Samasse et al., 2018; Tappan et al., 2016), with 
hundreds of cloud-free Landsat-8 images (for the years 2013-2015), to train locally-
optimized Random Forest models predicting presence and absence of rainfed and 
irrigated agricultural fields across the non-desert (MAP > 200 mm/y) land area of the 
West African countries of Mauritania, Senegal, Mali, Burkina Faso and Niger.  Our 
analysis grid is composed of 267 (100 x 100 km) grid squares, each processed 
separately using Google Earth Engine (GEE) to fit and apply locally optimized Random 
Forest models for cropland detection at 30 meters. We analyze our results to estimate 
accuracy and uncertainty of the new classification, present summary statistics for 
cropland in the region, and make the new West African Sahel Cropland dataset (under 
the name WASC30) freely available for applications requiring improved crop area data 




3.2. Materials and Methods  
3.2.1.  Reference data 
Reference data on presence and absence of rainfed and irrigated agriculture 
were obtained from the Rapid Land Cover Mapper (RLCM) (Cotillon, 2017a; Cotillon 
& Mathis, 2017; Tappan et al., 2016) for the year 2013. The RLCM approach uses local 
experts and visual interpretation of 30 m Landsat images to assess land cover type, 
sampled at 2 km intervals across West Africa (CILSS, 2016; Cotillon, 2017a; Tappan 
et al., 2016). While RCLM data are available for several epochs (1975, 2000, 2013), 
we use only the 2013 data as training data for this study. The dataset provides 
classification into one of 25 land cover types for each centroid of the 2 km grid, with 
possible land cover classes including multiple non-agricultural classes, and agricultural 
classes including rainfed and irrigated cropland. The approach, based on expert visual 
interpretation, with specific local knowledge of the environments being classified, is 
expected to show better results than semi- or fully automated classifiers, particularly 
for the cropland class across West Africa (CILSS, 2016).   
Quality control for the reference data was carried out using multiple sources of 
ancillary data, including thousands of aerial photographs taken by the USGS team, 
high-resolution verification using Google Earth satellite imagery, and field validation 
in each country, facilitating systematic verification of land cover assessments (Cotillon, 
2017b). In addition, image interpretation and land cover assessments carried out by 
national experts were reviewed and revised during regular collaborative workshops in 
West Africa, to ensure consistent practice between country teams and USGS partners.  
Further details are provided by Samasse et al. (2018).   
In this study, we regrouped the 25 land cover classes into 3 classes (rainfed and 
irrigated agriculture and non-agricultural) and used 50% of the 2 km by 2 km data points 
for year 2013 as reference information for training the classification algorithm, and the 
other 50% for assessing the classified product. Reduced data-density in some areas (e.g. 
on the coastal and desert margins) resulted in a total of 383,464 reference data points 
(non-crop, rain-fed and irrigated classes) across our West Africa study domain.   
3.2.2.  Google Earth Engine (GEE) 
Google Earth Engine is a cloud-based platform for regional and planetary scale 




of freely available data (e.g. Landsat imagery) in the cloud, avoiding the need for data 
download, while providing high-performance parallel computing resources to process 
large datasets (Gorelick et al., 2017). GEE thus facilitates computationally cumbersome 
geospatial analysis with minimal local computing and storage resources. GEE makes 
use of an application programming interface (API in JavaScript or Python), allowing 
for data processing and visualization at different scales. The GEE platform also 
implements several Machine Learning algorithms (Support Vector Machine, Random 
Forest) known to be effective for land cover and land use classification in general, and 
cropland mapping in particular (Azzari & Lobell, 2017; Johnson, 2019b; Mardani et 
al., 2019; Xiong et al., 2017).   
3.2.2.1.  Landsat 8 Surface Reflectance (SR) 
The Landsat mission is a joint initiative of the USGS and NASA providing 
consistent earth observation data at sub-100 m spatial resolution since the 1970s. 
Surface reflectance data from the Landsat-8 OLI (Operational Land Imager) and TIRS 
(Thermal Infrared Sensor) is available in GEE from April 2013 to present. Table 1 
contains information on the Landsat-8 SR Tier 1 collection spectral bands used in this 
study. 
Table 3. 1. Landsat 8 band description and wavelengths. The ‘pixel_qa’ band provides metadata on scene quality 
such as cloud cover for each pixel.  
Source : https://developers.google.com/earth-engine/datasets/catalog/LANDSAT_LC08_C01_T1_SR.   
Name Band description 
Wavelength 
(μm) 
B2 Band 2 (blue) surface reflectance 0.452-0.512 
B3 Band 3 (green) surface reflectance 0.533-0.590 
B4 Band 4 (red) surface reflectance 0.636-0.673 
B5 Band 5 (near infrared) surface reflectance 0.851-0.879 
B6 Band 6 (shortwave infrared 1) surface reflectance 1.566-1.651 
B7 Band 7 (shortwave infrared 2) surface reflectance 2.107-2.294 
pixel_qa 
Pixel quality attributes generated from the CFMASK 
algorithm. 
--- 
 3.2.2.2 Vegetation indices 
 In addition to the individual band reflectances, remote sensing derived 
vegetation indices (VI) have been extensively applied to detect vegetation and monitor 
vegetation condition over large areas. These indices are generally based on the 
capability of vegetation to strongly reflect incident electromagnetic signal in the near-




vegetation indices as candidate predictor variables for the RF classification algorithm 




The Normalized Difference Vegetation Index (NDVI) is commonly used in 
satellite remote sensing-based vegetation analysis (Fensholt et al., 2009; Olsson et al., 
2005; Thenkabail et al., 2009; Vintrou et al., 2012). It is computed using the red (B4) 
and near-infrared (B5) bands following equation (1).  
NDVI = (B5 –B4) / (B5 + B4)         (1) 
 
The NDVI can effectively detect growing vegetation (Tucker, 1979) but gets 
quickly saturated in high biomass surfaces. In such conditions, other vegetation indices 





The Enhanced Vegetation Index (EVI), described by equation (2) provides 
improved sensitivity to vegetation condition and changes in high biomass areas as 
compared to the NDVI, and also reduces the background effect of soil on vegetation 
index calculation (A. Huete et al., 2002; Miura et al., 2001). In addition to the red and 
near-infrared bands, EVI includes in the calculation the blue band (B2) to correct 
atmospheric effects of aerosol. 
  
EVI =G * ((B5 –B4) / (B5 + C1* B4 –C2* B2 + L))     (2) 
where G is a gain factor; C1, C2 are the coefficients of the aerosol resistance term, 
which uses blue band B2 to correct for aerosol influences in the red band B4, and L is 
the soil-adjustment factor as in SAVI. In this we used the coefficients adopted in the 




The soil-adjusted vegetation index (SAVI; Huete, 1988) was developed to 
compensate for the effects of the soil background in sparsely vegetated areas. Equation 




factor is found to reduce soil noise using the value L= 0.5 for a wide range of vegetation 
classes (A. R. Huete, 1988).  
 
SAVI= ((B5–B4) / (B5+ B4 + L))*(1+L)        (3) 
MSAVI 
 
The Modified Soil-Adjusted Vegetation Index (MSAVI; (Qi et al., 1994); Eq. 
4) was proposed as an improved version of SAVI that minimizes the effect of bare soil 
(Qi et al., 1994).  
 
MSAVI= (2 * B5 + 1 –sqrt ((2 * B5 + 1) ^2–8 * (B5 –B4))) / 2      (4) 
  
3.2.3. Random Forest (RF)  
We used the random forest (RF) technique as the main classification algorithm 
in this study. The RF model is an ensemble learning algorithm that can be used to 
predict both continuous (regression) and categorical (classification) responses. For a 
classification problem, the response variable is a class which links certain independent 
values to one of the categories present in the dependent variable (Breiman, 2001). An 
RF model comprises an ensemble of decision trees, where each tree constitutes a 
classifier, which can predict the response-variable using a random sub-sample of the 
independent variables and observations. Each tree uses a sub-ensemble of training 
values chosen randomly with replacement (i.e. bootstrap sample). The optimum 
number of predictors used to split data at each tree’s node is log(m+1), where m is the 
total number of predictors involved. An ensemble of diverse trees minimizes the effect 
of bias from individual trees considerably improving the overall predictive accuracy of 
the model. The final class prediction is chosen by a maximum vote (classification). It 
has been shown that by increasing the number of trees in the model, the errors of 
prediction (also known as out-of-bag errors or OOB errors) converge, reducing 
problems with overfitting (Breiman, 2001). In this study we used OOB error estimation 
during the training process to finetune RF model parameters and provide internal cross-
validation before independent accuracy assessment. 
 3.2.4. Gridding and Accuracy metrics 
A grid of 100 km by 100 km squares was created using ArcMap based on the 




Figure 3.1) were generated covering the study area. For simplicity, Figure 3.1 shows 
the positions and labels of the first and last grid-squares. Satellite image (Landsat) data 
for each square was classified independently using the RLCM reference data to train 
and evaluate local RF models. 
 
Figure 3. 1. The grid of 100 x 100 km cells.  
Classification accuracy in this study was measured using the following metrics: 
Quantity disagreement (Q), Allocation disagreement (A), Overall Accuracy (OA) and 
class-specific measures such as User's Accuracy (UA) for Crop class, as suggested by 
Pontius & Millones (Pontius Jr & Millones, 2011). The new dataset was also validated 
using detailed local field surveys conducted on agricultural activities at IPR/IFRA, a 
higher education institution in Mali. 
3.2.5. Workflow 
Figure 3.2 illustrates the steps employed in developing the cropland extent map, 
using the GEE platform and Random Forest machine learning approach. Landsat-8 
images for each 16-day period were processed for each ~1o grid cell. The Tier 1 
Landsat-8 image collection was filtered spatially (Sahel grid level), and temporally 
(years 2013, 2014, and 2015, to match training data) before being filtered for clouds 
using the pixel_qa information (Table 1). Cloud-free images were used to compute 
vegetation indices in GEE using custom functions in JavaScript.  
In total twenty bands were exported from GEE as candidate model predictors. 
Predictors included Landsat 8 surface reflectance bands (B2-B7) and VI averages for 
growing season (e.g. B2) and dry season (e.g. B2_1), with growing season defined from 
July-October of each year and November-June considered the dry season. In total, we 





Table 3. 2 Predictors used in the Random Forest classification.  
 Wet period (growing period)  Dry period 
Surface Reflectance B2, B3, B4, B5, B6, B7 B2_1, B3_1, B4_1, B5_1, B6_1, B7_1, 
Vegetation Indices NDVI, EVI, SAVI, MSAVI  NDVI_1, EVI_1, SAVI_1, MSAVI_1 
 
The land-cover training data were reclassified to produce three classes 
corresponding to rain-fed crops (level "1"), irrigated crops (level “2”) and the non-crop 
class (level “0”), with levels 1 and 2 combined as needed to make up the “Crop” class. 
The training samples were derived by sampling 50% of “Crop” and 50% of “Non-crop” 
classes selected randomly within each grid cell, representing a stratified random 
sampling approach. R software was used to fit the RF classifiers external to GEE to 
benefit from greater model-fitting flexibility in R. Optimal fitted RF models were then 
used for regional predictions. Predictions of crop (rainfed and irrigated) and non-crop 
classes were based on the best-fit models and optimal parameters from the tuning 
process. Classification outputs were initially assessed at grid-cell level using 
independent reference samples (i.e., samples not used for training and/or OOB error 










3.3.1.  Predictors  
The Landsat-8 Tier 1 image collection available on GEE for the study area 
comprised of 6,803 image scenes as filtered for years 2013, 2014, and 2015. Depending 
on the location and the time, the number of available images changes due, for example, 
to the degree of cloud coverage in different years and locations. Figure 3.3 shows that 
the availability of Landsat images increases in 2014 and 2015, relative to 2013, with 
the increase related to launch and partial Landsat-8 collection in 2013. 
 
Figure 3. 3. Number of Landsat images per year summarized across West African grid cells, and then processed in 
GEE for this study.  Average number of images represented by thick horizontal black line, standard deviation by 
green box, 95th percentile by thin horizontal lines, with outliers represented by circles.   
 
Figure 3. 4. Predictor variables used to train the Random Forest models, showing wet-season averages (green) 
and dry-season averages (red) for Landsat surface reflectance (SR; bands 2-7) and vegetation index band 
combinations, averaged across the West African domain (Fig. 5). Mean, standard deviation, percentiles and 
outliers are as noted for Figure 3.3.  
The candidate predictor variables are shown in Figure 3.4. Values of surface 
reflectance (SR) in Landsat bands are between 0 and 1, while vegetation index (VI) 




(B6) has the highest reflectance value in both wet and dry periods, probably due to 
minimal atmospheric attenuation in this part of the electromagnetic spectrum and low 
surface vegetation moisture on average in the savanna areas which would otherwise 
lower SWIR reflectance. The second highest value occurs at the near infrared band 
(B5). This band also shows the most pronounced difference between wet and dry 
means, showing its sensitivity to green vegetation that is mostly present in the wet 
seasons. All the vegetation indices (Figure 3.4) show net distinctions between the wet 
and dry periods, particularly in the range of wet season values.    
3.3.2.  Reclassified training data 
Absence of cropland in the training data examined for some grid squares 
prevented fitting meaningful local models in these regions. These grid squares are 
therefore assumed to have little or no agriculture (Fig. 5).  Some cells, particularly in 
the northern drylands lacked any training data (RF algorithm requires >1 class in the 
training data). In total, 189 cells (~71% of the study domain) include some amount of 
cropland. The other 78 cells (white cells in Fig. 5) are mainly located in the Northern 
Sahel and Sahara, where agricultural activities are absent (or occur only intermittently). 
On average, 2,028 reference data on presence of rainfed and irrigated cropland and non-
cropland were available in each of the 189 retained grid cells (~1014 for model training 





Figure 3. 5. Cells with valid training data (i.e. containing two or more classes (crop and non-crop) after 
reclassification of the training grid points). 189 cells among the 267 include some cropland in the 
training data allowing us to run the RF algorithm. 3-classes occur only in those regions with irrigated 




3.3.3.  Accuracy at grid level 
Results show an average overall accuracy (OA) above 80%, with most 100 km 
squares having an OA in the range of 75% to 100% (Table 3). Despite the relatively 
high OA, the reliability of classified product is best measured in terms of the users’ 
accuracy, which quantifies accuracy from the perspective of the user of the classified 
product. In total, 11% of assessed cells had a user’s accuracy less than 50%, 58% were 
between 50% and 75%, and the remaining 31% has a user’s accuracy above 75% (Table 
3). On average, accuracy at grid level is 78.8% and 56.6% for OA and UA, respectively. 
The Supplemental Information (A2) of this document gives further details on grid level 
assessment. 
Table 3. 3. Summary of Overall accuracy and Crop class User's accuracy at grid level.  
Overall accuracy 
 No data 0 - 50 50 – 75 75 - 100 
Number of cells 99 0 36 132 
Average OA - - 70.59 87.07 
User’s accuracy 
Number of cells 99 18 98 52 
Average UA - 22.73 64.10 82.95 
3.3.4.  Accuracy at country level 
Assessment at country-scales indicates that the overall accuracy is around 90% 
for all the countries, except in Burkina Faso where it is slightly lower at ~77% (Figure 
3.6). The country of Mauritania has the highest overall accuracy of 99% but the 
accuracy to reliably identify crop class from the user’s perspective in Mauritania is only 





Figure 3. 6. Overall accuracy and User's accuracy by country. 
Assuming 75% as targeted value for crop user’s accuracy, Mauritania is the only 
country where the classification performance fails to meet expectation. Highest 
accuracies occurred in Niger, with 85.6% accuracy, followed by Senegal with 84.5%. 
Crop user’s accuracy in Mali and Burkina Faso is between 75% and 80%. 
In terms of crop areas estimation, results show that rainfed agriculture is far 
more common than irrigated agriculture in the 5 countries, with irrigated cropland 
occupying only ~2% of the total (Figure 3.7). Cropland area is greatest in Niger (with 
119x103 km2 of cropland, representing 37.6% of the total agricultural area in the five 
Sahelian countries), followed by Burkina Faso (91x103 km2; 28.8%), Mali (67x103 
km2; 21.3%), Senegal (38x103 km2; 12.1%), and finally Mauritania (0.6x103 km2; 
0.21%) where agriculture is confined to the south of the country and Senegal River 
Valley (Table 4 and Figure 3.7).  
 Table 3. 4. Estimated area classified as cropland in each of five Sahelian countries.  
  Burkina Faso Mali Mauritania Niger Senegal Total 
Rainfed crop (km2) 90,799 62,513 372 118,022 37,434 309,139 
Irrigated crop (km2) 203 4,615 291 820 758 6,688 





Expressed as fraction of the total irrigated area in the five countries, more than 
the half of the total irrigated areas are in Mali (69.0%), particularly in the “Office du 
Niger” region, which is one of the oldest and largest irrigation schemes in West Africa 
(Zwart & Leclert, 2010). The country of Mauritania, with less than 1% in rainfed 
agriculture area, has a larger share (4.4%) of the irrigated cropland in the region, more 
for example than in Burkina Faso with only 3.4% of irrigated cropland (Table 4 and 
Figure 3.7). 
 
Figure 3. 7. The relative importance (%) of the five Sahelian countries in cropland area across West 
Africa, showing total cropland area, rainfed and irrigated croplands, and the comparison of rainfed 
and irrigated cropland area as a fraction of the total. 
3.4. Discussion 
The 30 m West African Sahel Cropland map (WASC30) covers five Sahelian 
countries of West Africa and shows in much improved detail than previously available 
the agricultural zones of West Africa, including the 'breadbasket' regions of Niger, 
Mali, Burkina Faso and Senegal that are critical to the food security and economies at 
national and regional scales. We leveraged a distributed and dense sample dataset on 
actual land cover (Tappan et al., 2016), with Landsat-8 data, to train locally-optimized 
machine-learning predictors for rainfed and irrigated agriculture using the Google Earth 







generally combine irrigated and rainfed agriculture into a single cropland class, with 
accuracies generally less than 70% (Samasse et al., 2018). The average user’s accuracy 
of the new crop extent map, considering the five countries of Burkina Faso, Mali, 
Mauritania, Niger, and Senegal (Figure 3.6), is 79%, which is a considerable 
improvement relative to the best performing earlier products (GlobeLand30, 69% and 
GFSAD30, 64%; (Samasse et al., 2018)). Our accuracy statistic is also influenced by 
low accuracy in Mauritania, representing less than 1% of cropland area in the region 
(Figure 3.7). The user's accuracy for Senegal, Mali, Burkina Faso and Niger (excluding 
Mauritania) is 81% for the new WASC30 cropland area map. The low accuracy 
reported for Mauritania is consistent with our previous findings in a study comparing 
accuracy of cropland classes in 12 pre-existing landcover products (Samasse et al., 
2018). Explanations for this include the particularly small size of farms and the low 
intensity of agricultural activities in this country. However, it must be noted that, 
despite having lower accuracy compared to other countries, the cropland estimates for 
Mauritania in our new WASC30 map is an improvement on the pre-existing products. 
3.4.1.  Irrigated cropland 
Based on the estimated crop areas (Table 4), irrigated land represents just 2% 
of the total cropland area. Thus, a specific accuracy is not reported for this sub-class of 
“Crop”. However, Figure 3.8 shows clearly the intensive irrigation activities in Senegal 
and Mauritania adjacent to the Senegal River, in Mali in the “Office du Niger” zone, 
and in Niger adjacent to the Niger River. Irrigated cropland in the region are generally 
supported by hydroelectric dams on the major rivers (e.g. Niger, Senegal), providing 
both electricity and increased agricultural production. For example, the Diama dam in 
Senegal and the Markala dam in Mali are two operational hydroelectric infrastructures 
promoting intensive irrigated crops production in the Senegal valley and the Office du 
Niger zone in Mali, respectively (van der Wijngaart et al., 2019; Woodhouse & Ganho, 






Figure 3. 8. Irrigated cropland adjacent to the Senegal River in South Mauritania and North Senegal, in 
the Niger River floodplain of Central Mali (with center-pivot irrigation techniques), and adjacent to the 
Niger River, near Niamey. Rivers are extracted from Hydrological data and maps based on SHuttle 
Elevation Derivatives at multiple Scales (HydroSHEDS). Extracted areas are 12 x 12 km.  
3.4.2.  Intensive Rainfed cropland zones 
 Analysis of the more dominant rainfed cultivated areas shows several “hot 
spots” of intensive agricultural activities (Figure 3.9). For example, the Seno Plain (red 
circle), east of the Dogon Plateau in Mali, has been devoted to intensive agricultural 
activities since the 1930s (Thibaud, 2005). Recent studies using Earth Observation data 
have reported cropland expansion in this region driven by the need to feed a rapidly 
increasing population with accelerated expansion between 2000 and 2013 facilitated by 
modern technology (CILSS, 2016). Rapid population growth and conducive soils, with 
development of processing infrastructure have also contributed to the high density of 
rainfed cropland in south-eastern Niger (blue circle). This area, known as the Tarka 
Plain and Goulbi Agricultural Zone, in the Maradi-Zinder region of Niger is considered 
to be the most important agricultural zone of Niger (CILSS, 2016). It is an area of 
enormous agricultural potential, mainly in rainfed cropland (Issoufou et al., 2012). 
Cereal (Millet, Maize, Sorghum and Rice) cultivation is practiced, with more advanced 
systems in the Tarka plain, where the rural population density is particularly high. 






agriculture, livestock and forests share the same space (RNCA-NIGER, 2019). 
Similarly, the West-Central Agricultural Zone  in Senegal (black circle), known as the 
Peanut Basin (Bassin Arachidier) for the suitability of dominant soils to grow peanut, 
is also characterized by high rural populations, with rainfed agriculture focused on 
cultivation of peanut, millet, sorghum and beans (FALL, 2009). 
 
Figure 3. 9. The West African Sahel cropland map (WASC30) with hot spot of intensive rainfed cropland in 
Senegal, Mali and Niger.  
3.4.3.  Cropland distribution relative to climate and climate zones 
For the purpose of this work, we divided the study area based on the annual 
precipitation, following a steep gradient of decreasing rainfall from south to north. 
Figures 3.10 and 11 show the distribution of both rainfed and irrigated cropland as 
located in the West African Sahel Cropland map (WASC30) under 100 mm rainfall 
bins. Mean Annual Precipitation (MAP) is derived from eleven years (2005-2015) of 
CHIRPS (Climate Hazards Group InfraRed Precipitation with Station) data retrieved 
from Google Earth Engine. Results show that rainfed cropland area generally increases 
with MAP between 200 mm and 1000 mm MAP, reflecting water limitations to 
agricultural activities in the arid zones (200-400 mm) and more suitable conditions in 
the South Sahel and Soudan (400-1000 mm). Above 1000 mm MAP, rainfed cropland 
proportion declines (Figure 3.11), in part due to shift to forest production and in part 
since wetter forested zones may have soils unsuitable for agriculture. However, 
irrigated cropland area is largely decoupled from MAP, being clustered around the 
flood plains of the perennial rivers in West Africa.  
The Saharan desert region (MAP < 200 mm/y; Figure 3.10) constitutes about 
61% of the total study area (Table 5). Significant part of northern Mauritania, Mali, and 
Niger fall in this region. It is generally characterized by an arid climate with high 





precipitation, making difficult for crop to grow. However, irrigated farming may be 
present in some areas using appropriate irrigation technologies (Bouzidi, 2011; 
Hamidat et al., 2003), mainly for small scale production of vegetables. Figure 3.11 
shows our results illustrating the very low to non-existent agricultural activities in the 
Sahara. 
 
Figure 3. 10. Cropland extent across gradient of mean annual precipitation. Precipitation is an average of 11 years 
(2005 – 2015) CHIRPS data.  
The second largest zone is the Sahelian (200-600 mm), occupying 23% of the 
total study area. Rainfed cropland intensity increases with annual rainfall (Figure 3.11). 
Compared to the other climatic zones, the Sahel has the highest proportion of irrigated 
cropland, as irrigation activities along both Niger and Senegal rivers occur mainly in 
this climatic zone (Figure 3.10). This irrigation proportion is however, less than 1% 





Figure 3. 11. Rainfed and irrigated cropland as percentage of the total area in MAE interval (e.g. The total area of 
800-900 mm zone is about 100x103 km2, and the fraction of this area occupied by rainfed cropland is about 30%).  
Among the four climatic zones (Figure 3.10), rainfed agriculture activities are 
most intensive in the Sudanian zone (600 mm – 1200 mm). Representing 15% of the 
study area, the Sudanian is the third largest climatic zone, after the Sahara and the Sahel. 
About 24% of this climatic zone is occupied by rainfed cropland (Table 3.5). It covers 
major cereal production zones in Mali and Burkina Faso, and southern parts of the 
Peanut Basin in Senegal (Figure 3.10). The precipitation range is also suitable for cash 
crops (e.g. cotton), root crop and mixed cereal-root system (e.g. Cassava, Yam, Sweet 
potato, particularly in Southern Mali). Irrigation is not common in the Sudanian zone, 
largely due to the low occurrence of main rivers in the region. 
At more than 1200 mm MAP, the Guinean zone covers little of the total area of 
the study domain (less than 1%). In this region, some 4% is occupied by rainfed 









Table 3. 5. Proportion of area and cropland by climatic zones in our study domain including Senegal, Mauritania, 
Mali, Burkina Faso and Niger.  
  Saharan Sahelian Sudanian Guinean 
% Area 61.02 23.50 14.85 0.63 
% Rainfed 0.00 14.79 24.54 3.78 
% Irrigated 0.01 0.48 0.26 0.17 
% All Cropland 0.01 15.27 24.80 3.95 
 
3.4.4.  Fallows in WASC30 
The visual interpretation approach adopted for the 2 km RLCM dataset 
(Cotillon & Mathis, 2017; Tappan et al., 2016), and used as training or reference 
information in this study, classified large and long-term fallows as savanna. However, 
in the more intensive rainfed cropland regions with reduced fallow periods, small areas 
of fallow were generally classified as active agricultural land use. Overall, therefore, 
we consider that the WASC30 represents active agriculture, inclusive of short-term 
fallow fields, but exclusive of longer-term fallow (or abandoned) areas that have not 
been actively cropped in recent years. That makes the final cropland class a reliable 
reference for developing active cropland extent.  
3.4.5.  Validation using local scale data 
At local scale, our new cropland dataset has been assessed using recent (2012) 
GPS field surveys mapping land use and land cover at an Agricultural College 
(IPR/IFRA) in the town of Koulikoro, just north of Bamako. Data was collected in 
collaboration with Laval University (Quebec, Canada) as part of the PACM research 
project (Des arbres et des champs contre la pauvreté au Mali). IPR/IFRA is a higher 
education institution in Mali managing an area of about 380 ha, including experimental 
farms and other lands for cereals and tree crops production. Figure 3.12 shows that the 
WASC30 captures the distribution of cultivated areas at IPR/IFRA with an area ratio 
of 195 ha / 199 ha = 98% (i.e. the WASC30 product underestimates cropland area at 
this field station by 2%). This slight difference could be attributed to the small size of 
some sparse experimental plots making difficult their detection in the 30 m Landsat 
data. No irrigated pixels detected at IPR/IFRA which is consistent with the absence of 





Figure 3. 12. Assessment of the new cropland map (WASC30) using field surveys at IPR/IFRA field station in Mali.  
3.5. Conclusions 
In this study, the Random Forest ensemble learning method has been applied to 
individual 100 km grid cells to develop a 30 m Landsat-derived active cropland dataset 
across five Sahelian countries with unprecedented details and higher accuracy as 
compared to existing land cover products. The developed dataset has an overall 
accuracy of 90.1% and a cropland class (rainfed and irrigated) user’s accuracy of 79%. 
Information derived from the new dataset reveals the total cropland area in West 
African Sahel to be 316x103 km2 with 7x103 km2 irrigated and 309x103 km2 rainfed. 
This confirms that agriculture in Sahelian West Africa is almost entirely rainfed. The 
Sudanian zone (600 mm - 1200 mm) comprises most of the rainfed cultivated areas, 
while the Sahelian areas in proximity to main rivers presents the highest proportion of 
irrigated land. Results also show that these irrigation activities in the region remain not 
well developed, comprising only about 2% of the total cropland area, despite the 








be due to the lack of well-developed infrastructure for irrigation, and high investment 
costs to manage water and make it available where it is most needed.  More efforts in 
developing irrigated land in Sahel region would expand farmers’ production 
opportunities by reducing risks linked to climate fluctuations.  
This study benefitted from the large and regularly distributed RLCM training 
dataset that allowed us to fit locally optimized random forest models in each of 189 grid 
cells (each 100 x 100 km) across the five-country study domain. This allowed us to 
minimize the effects of soil, topographic and climatic differences that would increase 
errors in models fit at coarser regional and continental scales, thus improving overall 
accuracy of the final WASC30 product.  
Geospatial data in general, and Landsat time series in particular, provide a 
critical source of information for the important task of producing accurate statistics on 
cultivated areas, particularly in developing countries where timely accurate 
georeferenced agricultural data are sometimes missing. The new cropland dataset will 
contribute to filling this void in West Africa Sahel. 
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Appendix 3.A 
3.A1. Tuning RF major parameters 
Separate RF models were developed for each of the 189 cropland cells. 




before fitting models and tuned using the “tuneRF” function in R software. This tuning 
function helps determine the best number of variables available for splitting at each tree 
node (mTry) for a number of trees (nTree) based on the minimum values of the Out-
Of-Bag (OOB) errors. The chosen values of nTree to run “tuneRF” included 500, 1000, 
1500 and 2000. Occurrences of nTree corresponding to the optimal mTry are reported 
in Figure 3.A.1 (A). It appears that RF models (classifiers) show better performance in 
44% of the cells for nTree = 500, and 15% of the cells for nTree = 2000. Between these 
two limits, 24% and 17% of the cells have shown minimal errors of OOB at nTree = 
1000 and nTree = 1500, respectively. Frequency distribution of resulting optimum 
mTry values from the tuning process is shown on Figure 3.A.1 (B). Numbers 2, 1, 4, 8, 
16, and 3 have been used as mTry values to fit the best models for the classification. 
 
Figure 3.A. 1 Occurrences of the number of tree (nTree) corresponding to minimum out-of-bag errors (A), and the 
obtained number of variables available for splitting at each tree node, mTry (B). 
 
The Random Forest (RF) is widely accepted as an efficient ensemble approach 
for land cover classification using remotely sensed data. It handles well imbalanced 
data, missing values, and outliers (Pal, 2005). However, tuning RF two major 
parameters (number of trees: nTree, number of variables available for splitting at each 
tree node: mTry) to get optimum values may be time and resources consuming, even in 
parallel processing environments like Google Earth Engine. In this study, we selected 
nTree in {500, 1000, 1500, 2000} for reduced computational time while ensuring 
sufficient trees for model convergence (Breiman, 2001). The best mTry for most of the 
grid cells has been achieved with nTree = 500, others for nTree = 2000, which are the 







(e.g. including values below 500 and above 2000) could probably result in better mTry, 
yielding higher classification performance for the final cropland product. 
3.A2. Accuracy at grid level 
Results on the accuracy assessment are not showing all the 189 trained and 
classified squares (100 km by 100 km grid unit). Twenty-one (21) of them have been 
entirely classified as Non-crop. They are considered as NoData for the assessment. The 
general trend appearing on Figure 3.A.2 is that in average classified squares have an 
overall accuracy above 80%. For most squares, overall accuracy falls in the range of 
75% to 100%. The country of Burkina Faso has the maximum of units with overall 
accuracy within 50% - 75%, and none in the grid has been classified with a proportion 
correct less than 50%. This relatively high overall accuracy is contrasted by the crop 
class specific accuracy. Figure 3.A.3 gives insight into the “Crop” class user’s accuracy 
at grid level. In total, 11% of assessed cells has a user’s accuracy less than 50%, 58% 
of them has theirs between 50% and 75%, and the remaining 31% has a user’s accuracy 
above 75% (Table 3). 
 
Figure 3.A. 2. Overall accuracy (OA) at grid level. 
 
Figure 3.A. 3. Crop User's accuracy at grid level. 
3.A3. Correlated variables / predictors 
An example of removal of highly correlated variables, based on a correlation 
coefficient > 0.99 is shown in Fig. A4. In these cases, we anticipate no additional useful 




similar to SAVI and MSAVI, thus only MSAVI was maintained to develop the model 
by the algorithm. Similarly, predictors EVI_1 and SAVI_1 bring the same information 
as MSAVI_1, they can then be removed, reducing computational time in classifying 












3.A4. Disagreements analysis 
Error of classification, expressed as total disagreement, can be divided into two 
components which are the quantity disagreement and allocation disagreement (Pontius Jr 
& Millones, 2011). Quantity disagreement can be interpreted as the differences in the areas 
allocated to the classes in the reference data and the classified map, and allocation 
disagreement is related to the misallocation of classified pixels for the same level of 
quantity agreement (Richards & Jia, 1999). The overall accuracy is the complement of the 
total disagreement (100% - total disagreement). Figure 3.A.5 illustrates results of the 
developed cropland map considering these two categories of disagreement at country level. 
Overall, the highest total disagreement is less than 25%. That means for the 5 countries, 
overall accuracy is greater than 75%. It also appears that quantity disagreement is more 
important in Mali, Mauritania, and Niger. Thus, this measure is the major contributor to 
the map’s total disagreement in these countries. The opposite is true for Burkina Faso and 
Senegal where spatial mismatch of pixels dominates the disagreement. Considering 10% 
as threshold of disagreement significance, Burkina Faso is the only country exceeding this 
level. 
 
Figure 3.A. 5. Quantity disagreement (quantity = how much cropland) and Allocation disagreement (allocation = where 
the cropland is) by country 
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Abstract 
In arid and semi-arid West Africa, agricultural production and regional food security 
depend largely on small-scale subsistence farming and rainfed crops, both of which are 
vulnerable to climate variability and drought. Efforts made to improve crop monitoring and 
our ability to estimate crop production (areas planted and yields by crop type) in the major 
agricultural zones of the region are critical paths for minimizing climate risks and 
supporting food security planning. In the present study, georeferenced plot data 
(N=13,000) collected by the Malian Department of Agriculture, Landsat 8 remotely sensed 
data, rainfall, and terrain information are combined to train a random forest classifier 
predicting crop type at 30 m for the major subsistence cereals (maize, millet, upland rice, 
and sorghum) cultivated in Mali. Tested with about 2,500 independent samples, using an 
unbiased area error matrix, the new crop type map has an overall agreement of 78.3%. The 
21.7% disagreements are caused mainly by spatial allocation disagreement representing 
errors in “where the crop type is”, with relatively small errors in total area assessments. 
The developed crop type map offers unprecedented information on subsistence farming 
intensity, crop areas and the proportion of different crops in different regions and 
administrative subdivisions ("communes") of Mali. At country-scale for 2017, total 
subsistence cropland areas are estimated at 1,300,211 ha ±70,360 for maize, 1,813,937 ha 
±78,829 for millet, 239,550 ha ±36,061 for rice, and 1,297,346ha ± 76,656 for sorghum. 
Analyses for maize, sorghum and millet confirms that planting intensity (i.e. crop type 
fraction in a region), is primarily a function of the rainfall regime. Pearl millet dominates 
production in Sahelian and upper Sudanian climatic zones (400 – 800 mm/y), sorghum is 
predominant in most parts of the central Sudanian zone (800-1000 mm/y), while maize is 





contrast, small-scale (non-irrigated) rice cultivation is concentrated in river valleys where 
rice is planted during high-water seasons and as river levels decline in the dry season.  Thus, 
rice farms are present in all four climatic zones along the main stems and tributaries of the 
Niger, Baoulé and Bani rivers. The outcomes of this study, and potential for the analysis 
to be repeated for other years, constitute a major advance for our understanding of food 
production systems in Mali and potential for improved crop yield modelling. This analysis 
provides spatially explicit information on location and probable crop types that can be used 
to enhance the precision of bioclimatic and remote sensing based yield forecasting and 
information and analyses on possible food insecurity to help stave off famine early.  
4.1. Introduction 
Rapid population growth, increasing temperatures, drought and extreme rainfall events 
are major factors contributing to food insecurity in the Sahel, making this region one of the 
most food-insecure regions in the world (Sissoko et al., 2011). According to the Food and 
Agriculture Organization (FAO) and the World Food Programme (WFP), the Central Sahel 
area, covering large parts of Burkina Faso, Mali and Niger, is a hotspot of acute food 
insecurity because of the combination of variable rainfall and emerging conflict leading to 
internal displacement of communities (FAO & WFP, 2020). In the Sahelian region, 
agriculture is primarily based on rainfed crops, and agricultural production systems are 
often structurally inadequate to manage inherent climatic variability, making the sector 
more vulnerable as climate risks increase (Barbier et al., 2009; der Geest & Dietz, 2004). 
In addition, in recent years the region has experienced recurrent political instabilities, with 
associated economic and livelihood challenges particularly for rural communities. In such 
conditions, crop failure or significant yield decreases may occur with either rainfall 
irregularities or extreme temperatures during the rainy season (Vignaroli et al., 2016), and 
longer-term yield reductions may occur with soil degradation and lack of access to fertilizer 
(Adams et al., 2016; Breman et al., 2001). Thus, additional efforts are needed to improve 
crop monitoring and our ability to estimate crop production in the major agricultural zones 
of the region. Crop area estimation, crop type mapping, and early estimates of crop yields 
are critical paths for minimizing climate risks in rainfed agriculture systems and to support 





al., 2020; Wang et al., 2019). As satellite remote sensing is increasingly improving in 
spatial and temporal resolution, it can contribute significantly to systems that collect 
information on crop type and seasonal production at national and regional geographical 
scales (Lambin et al., 1993). 
Satellite remote sensing-based tools and models for agricultural yield prediction have 
been used for decades in the Sahelian region, through different regional and national 
initiatives in collaboration with international institutions, to allow near-real-time 
monitoring during the cropping season. For example, the  USAID Famine Early Warning 
System Network (FEWS-NET) combines biophysical remote sensing and socio-economic 
methodologies (Brown, 2008) to provide monitoring and early warning support to decision 
makers responsible for responding to humanitarian crises, including famine and food 
insecurity.  The main FEWS-NET satellite remote sensing-based inputs include rainfall 
and seasonal vegetation growth inferred from vegetation index time-series (Ross et al., 
2009). An example of an analysis tool promoted by FEWS NET is the Early Warning 
eXplorer (EWX), which is an interactive web-based mapping tool allowing users to 
visualize continental-scale rainfall estimates (RFE and the Climate Hazard group InfraRed 
Precipitation with Stations, CHIRPS), land surface temperature (LST) and normalized 
difference vegetation index (NDVI) data and anomalies during the crop growing season 
(FEWS NET, 2020). To be effective in crop condition monitoring, the RFE, CHIRPS, LST, 
and NDVI information should be filtered based on crop locations. Thus, knowledge of 
where croplands are, and which crops are planted, is of critical importance for operational 
crop monitoring. Several previous studies have examined crop/non-crop areas using 
remotely sensed data at different scales (Fritz et al., 2011; Lambert et al., 2016; 
Ramankutty, 2004; Samasse et al., 2020; Thenkabail et al., 2009; Tong et al., 2020; Xiong 
et al., 2017). However, few of these studies focused on crop specific location mapping at 
regional scale, particularly in the Sahelian countries.  
Spatially explicit crop type information is critical for a variety of applications in 
agricultural monitoring, guiding investments and policies for improving food security (Jin 
et al., 2019; Wang et al., 2019). The traditional method of estimating crop type acreage in 





derive nationwide agricultural statistics. For example, in Mali, a stratified random sampling 
method is used to select samples for area, type and yield estimation of major crops. Each 
region (stratum) in the Malian sampling scheme is sub-divided into sub-regions named 
“SE” ("sous-échantillon"). An SE is composed of about 700 rural households that 
constitute the basic sampling units. The sampling process starts by randomly selecting a 
certain number of “SE” in each Region, then randomly selecting 10 farms in each selected 
“SE”. Areas for different crop types are calculated for all fields on the selected farms, with 
estimated field areas summed to derive crop type acreage information at SE scale. From 
SE to region scale, results are extrapolated using statistical methods. Only the extrapolated 
crop area information is reported and shared with partners such as FAO representatives for 
official reports. The inability to assess the probable error of the extrapolation process, 
combined with difficulties related to accessing and surveying some regions due to conflicts, 
constitute major weaknesses of this method to estimate crop type area at the country level. 
As remote sensing imagery continues to increase in spatial and temporal resolution, it is 
becoming a powerful input from which to create crop type maps, particularly at field scale 
(Wang et al., 2019), and this constitutes a viable alternative for improving traditional 
methods of area estimation. In addition, crop type mapping is widely accepted as a critical 
first step in forecasting crop yields using remote sensing, as different crop types have 
different seasonal growth patterns and phenology (Maselli & Rembold, 2001).  
In this study, we use field observations of crop type provided by the Malian Department 
of Agriculture to train random forests classifiers to map crop identities at field scale for the 
entire country of Mali in 2017, using precipitation, terrain, surface reflectance, and 
vegetation indices as predictors. The WASC30 cropland dataset, which maps croplands 
across West Africa with no information on crop type (Samasse et al., 2020), is used as a 
mask to prevent the new crop type map from predicting the presence of crops in areas not 
mapped as rainfed cropland. Maize, millet, rice, and sorghum are the major subsistence 
cereal crops mapped. These four crops constitute about 98% of nationwide cereal 
production in Mali (Ministère de l’Agriculture, 2018). 
Results show that Landsat datasets and random forest Classifier are reliable for crop 





be made available for online access to agricultural modeling communities, researchers, and 
early warning systems developers with high resolution crop type mask for maize, millet, 
rice, and sorghum. 
4.2. Methods 
4.2.1. Crop type data (dependent variable) 
In total, ~13,000 field-based samples of actual crop type were used to develop the crop 
type map. These samples include geo-localized plots distributed in all seven regions of 
Mali, recording the presence of maize (n = 2,057), pearl millet (n = 3,092), rice (n = 1,000), 
and sorghum (n = 2,258) (Figure 4.1). Other crops including fonio, groundnut, beans, 
onions, wheat, root crops, and other vegetables constitute a fifth class (other crops, n = 
4,496). A sixth class (n = 8,000) named “non-crop” (which, include fallow and non-
cropland areas in the spatially randomized sample) is extracted from the West African 
Sahel Cropland 30 (WASC30; Samasse et al., 2020). Field data with GPS coordinates were 
collected by the statistical and planning service of the Malian Department of Agriculture 
during the 2017 and 2018 agricultural surveys. Irrigated agriculture is not included in this 
analysis; thus, field data were limited to rainfed plots (for maize, sorghum and millet), and 
a smaller number of flood-recession rice fields (i.e. small scale agriculture in river flood 
plains where rice is planted as flood waters recede).  
Considering the four (4) major cereals (maize, millet, rice, and sorghum), Figure 4.1 
shows that agricultural activities occur mainly in central to southern Mali, following the 
mean annual precipitation (MAP) gradient, which increases from North to South. Low 
MAP in northern Mali creates non-suitable conditions for agricultural activities in most 









Figure 4. 1 Distribution of maize, millet, rice, and sorghum plots. Data collected 
during the 2017 and 2018 agricultural surveys by the Malian Department of 
Agriculture.  Lower left: monthly mean precipitation for 3 years (2016, 2017 and 
2018) derived from Climate Hazards Group InfraRed Precipitation with Station 
data (CHIRPS) dataset. Monthly means computed for the agricultural zones of 
Mali based on WASC30 cropland pixels and used to separate wet season 





4.2.2. Climate, remote sensing, and edaphic data (independent variables) 
Surface reflectance, vegetation indices, precipitation (rainfall) and terrain information 
(elevation and slope) are used as candidate predictor variables in the random forest 
classifier (Table 1). Predictor variables are averaged for three years (2016, 2017, and 2018) 
using the Google Earth Engine (GEE) platform. As cropping activities typically coincide 
with the rainy season, crop growth conditions are primarily linked to the amount and 
regularity of precipitation. For this reason, remote sensing and climate predictors are 
divided in two groups (wet and dry season). The wet season corresponds to the growing 
season of major crops in Mali, generally from June to September, while the dry season is 
composed by months with no or low monthly precipitation (Figure 4.1; Appendix A).    
Table 4. 1. Predictors extracted from Google Earth Engine platform. Variables names with _1 suffix correspond to dry 
season (e.g. NDVI_1) while those without the suffix are for the wet season (e.g. NDVI)  
Predictors Data source 
Surface reflectance  
Wet period: B2 to B7 
Dry period: B2_1 to B7_1 
Landsat 8, 30 m 
Vegetation indexes 
Wet period: NDVI, EVI, SAVI, MSAVI 
Dry period: NDVI_1, EVI_1, SAVI_1, MSAVI_1 
Precipitation  
Wet period: PRECIP 
Dry period: PRECIP_1 
CHIRPS v2.0 Daily, 0.05 degree 
Terrain 
Elevation, Slope 
NASA SRTM Digital Elevation 
30m 
 
4.2.3 Random Forest Model 
Random forest (RF) is an ensemble machine learning algorithm that can be used to 
predict both continuous (regression) and categorical (classification) responses. It is used in 





decision trees, where each tree can predict the response-variable using a random sub-
sample of the independent variables and observations. Each tree uses a sub-ensemble of 
training values chosen randomly with replacement (i.e. bootstrap samples). The optimum 
number of predictors used to split data at each tree’s node is sqrt(m), where m is the total 
number of predictors involved. An ensemble of diverse trees minimizes the effect of bias 
from individual trees considerably improving the overall predictive accuracy of the model. 
In classification problems, the final predicted value is chosen by output majority voting of 
individual trees. It has been shown that by increasing the number of trees in the model, the 
errors of prediction (also known as out-of-bag errors or OOB errors) converge, reducing 
problems with overfitting (Pal, 2005).  
To develop and test our new crop type map, the reference dataset (actual crop types) 
was divided into a training set (80%) and a validation set (20%). We used estimation based 
on the OOB errors during the training process to fine tune the number of predictors at each 
tree node (mtry) before training the model to predict crop type classes for the country of 
Mali. Appendix B gives details on tuning parameters and optimal outputs. In addition to 
the internal cross-validation assessment occurring during the training process to fine-tune 
RF model parameters, and external testing with unused data in the training process, the 
resulting crop type map was also masked using the WASC30 cropland dataset (Samasse et 
al., 2020) to avoid confusion with natural vegetation (that might have similar seasonal 
trends as some crop species) and thus omit predictions in non-cropland areas. Finally, the 
area of each of the four crops is compared to agricultural statistics for the study years 







4.3.1. Random forest model evaluation 
 Although the technique of bagging used by the random forest algorithm offers the 
possibility to examine error derived from samples out-of-bag, in this analysis we used 
independent data samples (20% of the reference data). These data were not used during the 
training process and thus provide fully independent data to test model accuracy. The 
method of accuracy assessment suggested in Pontius & Millones (2011), based on quantity 
disagreement (Q) and allocation disagreement (A), was employed to characterize errors in 
prediction for each of the five crop classes (Maize: 1, Millet: 2, Rice: 3, Sorghum: 4, and 
Other crops: 5). In our study, the quantity disagreement represents errors in “how much" 
crop of each type there is, while the allocation disagreement quantifies error in “where" the 
crop is located. A detailed application of these accuracy metrics in land cover maps 
assessment can be found in Samasse et al. ( 2018). The overall accuracy of the newly 
developed crop type map is 78.3% for an average disagreement of 21.7% (Table 2). Error 
due to the spatial locations of each crop type constitutes the largest component of the total 
error.  In terms of class-specific disagreements, Figure 4.3 confirms that allocation 
disagreement is the most important error factor in all five crop type classes (maize, millet, 
rice, sorghum, other crops), but its value is less than 10% for all but the Other crops class.  
Alternative class-specific accuracy metrics used in many studies are the user’s 
accuracy and producer’s accuracy (e.g. Congalton, 1991; Hasmadi et al., 2009; Konduri et 
al., 2020; Shao & Wu, 2008). User’s accuracy for each of the different crop types is above 
75% (Table 2) with the highest value observed for rice (94.05%). That is, our crop type 
predictions have relatively high reliability. For producer’s accuracy, maize and millet are 
the most correctly mapped classes with accuracy above 85% (maize: 86.12%; millet: 
 87.40%) followed by sorghum (75.25%). However, producer’s accuracy for rice is 
relatively low, below 60%. The producer’s accuracy informs on how often real features on 
the ground are correctly shown on the classified map. Table 2 reports commission and 
omission errors as well, which are the complement of user’s accuracy and producer’s 
accuracy, respectively. In general, higher commission to omission error corresponds to 





underestimation of cropland. Thus, based on the testing dataset, our crop type map 
overestimates maize and millet areas, while areas for rice, sorghum, and other crops are 
underestimated. The largest difference between commission and omission errors is 
observed in rice, suggesting that rice cropping areas may be greatly underestimated. 
Table 4. 2. Accuracy statistics derived from the unbiased error table using the testing dataset. See 
Appendix B for complete error tables and accuracy metrics.  
 Maize Millet Rice Sorghum Other crops All crops 
User’s Accuracy 77.12 78.77 94.05 77.92 77.91  
Producer’s Accuracy 86.12 87.40 52.96 75.25 69.86  
Commission error 22.88 21.23 5.95 22.08 22.09  
Omission error 13.88 12.60 47.04 24.75 30.14  
Quantity Disagreement  5.31 
Allocation Disagreement  16.36 
Overall accuracy  78.33 
 
 
Figure 4. 2. Quantity disagreement, Allocation disagreement, and Fraction correct for the different crop 
classes. Fraction correct is the contribution of a specific class to the overall accuracy 
4.3.2. Spatial distribution of major cereal crops 
Figure 4.4 shows the estimated 2017 spatial distribution for the major rainfed 
subsistence cereal crops of Mali as predicted by our fitted machine learning model. Pixels 
misclassified in non-agricultural zones, or in irrigated agricultural zones, were masked 
using the WASC30 rainfed crop class (Fig. 4C). The "Other crops" class includes fonio, 





distributed close to villages. Overall, millet is cultivated primarily in northern and central 
Mali, sorghum in central to southern, and maize in the southern regions of the country. 
From North to South, following the MAP, pearl millet dominates agricultural activities in 
areas averaging up to 800 mm of precipitation, sorghum is concentrated between 800 to 
1000 mm, and areas above 1000 mm are dominated by maize farms. Rice fields are more 
present in the Inner Niger Delta plains and along the Niger, Bani and Baoulé rivers, not 














Figure 4. 3. Crop type mapping for Mali in 2017: (A) all classes including non-crop, (B) maize, millet, 
rice, and sorghum only, (C) maize, millet, rice and sorghum map using the WASC30 cropland database 
to omit non-cropland areas. Mean Annual Precipitation (MAP) in (C) is derived from CHIRPS v2.0 for 






4.4.1. Cultivated areas for major crop types 
The cultivated area devoted to each of the four major cereals for the country of Mali is 
detailed in Table 3. By using the area-based unbiased error matrix suggested by Olofsson 
et al. (2014), we estimated areas and the confidence intervals (CI) and then compared our 
estimates to the reported cultivated areas by the Malian Ministry of Agriculture (MMA) 
for 2017/2018 campaign. Based on our results, MMA statistics overestimate millet and 
sorghum areas by 14-24% and 15-30%, respectively. The estimated areas planted to maize 
is similar in our crop type map to those of the reported cultivated areas by MMA (with a 
ratio of 95-100%. However, MMA reports considerably less rainfed rice than our estimates 
(an underestimation of 16-30%; Table 3). Differences between our remote sensing-based 
crop type acreage and the reported statistics may come from various sources. Firstly, the 
MMA estimation is based on statistical methods of extrapolation using randomly selected 
ground surveys following geographic stratification. While sampling error is nominally 
12% the MMA recognizes that errors associated with statistical extrapolation techniques 
may be much larger (Ministère de l’Agriculture, 2018). Secondly, considering the large 
extent of the country and difficulties accessing some areas due to security concerns, 
sampling of farmers in some local-scale administrative subdivisions (e.g. Commune level) 
is reduced, limiting samples size and statistical inference based only on field data. In this 
context, our approach to mapping cultivated areas by crop type at national scale using earth 
observation data and the power of machine learning techniques, could be a good alternative 





Table 4. 3. Cultivated cropland areas (non-irrigated) for the country of Mali in 2017 for the major cereal crops and comparison with the national agricultural 
statistics (MMA). The ratio is calculated by dividing national statistics by the new crop type area estimates times 100.  
 Area (ha) ± 95% CI Area -95% CI Area + 95% CI 
National statistical 
data (2017) (ha) 
Ratio (%) Ratio ±95% CI 
Maize 1,300,211 70,360 1,229,851 1,370,571 1,233,008 94.8 90.0 -100.3 
Millet 1,813,937 78,829 1,735,107 1,892,766 2,155,729 118.8 113.9 -124.2 
Rice 239,550 36,061 203,489 275,610 191,969 80.1 69.7 – 94.3 





4.4.2. Fractional cultivated area by crop type 
The fraction of cultivated area devoted to each of the major subsistence crops in a 
region reflects both the bioclimatic suitability of each crop to the region, interacting with 
the cultural and economic decision-making of individual farmers. A priori understanding 
of crop ratios for the major subsistence crops can also provide critical inputs to crop yield 
modeling based either on climate data or remote sensing of greenness.  In this study, crop 
type fractions were calculated at administrative level 3 (Commune in French) and in 
climatic zones (MAP 100 mm isohyets). Figure 4.5 shows that agriculture activities in Mali 
are concentrated in five regions (Kayes, Koulikoro, Sikasso, Segou, and Mopti). In each of 
these regions, all four major cereals are planted yearly, however the fractions in different 
crops varies greatly. In the northern regions, our results show that rice is the most cultivated 
crop in Tombouctou, and Gao, along the Niger river. At the Commune level, maize 
constitutes the predominant crop in Sikasso and parts of Kayes and Koulikoro; millet is 
equally planted in Mopti, central Segou, and Koulikoro; while the distribution of sorghum 
is relatively more even across all five regions. In addition to Tombouctou and Gao, rice is 
also common on the flood plains of the Inner Niger Delta in the regions of Mopti and Segou 
while being locally cultivated in the lowlands and river valleys of the Sikasso, Kayes and 
Koulikoro regions (Fig. 5). The fifth crop type (Other crops) is widely distributed, 
reflecting small-scale vegetable cultivation for household consumption and sale at markets, 
and with high fraction values in the Kayes region, probably due to the importance of 
groundnut farms in this region and export opportunities to neighboring Senegal. 
Following the climatic zones as illustrated in Figure 4.6, the Saharan zone (MAP < 200 
mm/y) which has very little cropped area is dominated by rice fields along the Niger river. 
In the Sahelian zone (200-600 mm/y), millet is the main rainfed crop, with rice cultivated 
in the river valleys. This zone includes the Inner Niger Delta plains known for their 
suitability to grow both rainfed and irrigated rice (Fig. 5). The Seno plains of the Mopti 
region, identified by Samasse et al. (2020) as one of the most intensive rainfed agricultural 
zones of Mali is dominated by millet cultivation (Fig. 5).  Relatively important fractions of 
other crops observed in the Sahelian zone could be related to onions and other vegetables 





~25% total area in cropland (Samasse et al., 2020) constitutes the most important rainfed 
agricultural production zone of Mali, because of the quantity and period of rainfall per year 
(600 mm – 1200 mm; 4-6 months). All mapped crop types are common in the Sudanian 
zone, with millet dominant in the drier areas (700 mm – 800 mm), sorghum in intermediate 
rainfall zones (800 mm – 1000 mm) and maize in areas with >1000 mm/y (Fig. 6). Other 
crops are also significantly present in this climatic zone, including root crops (e.g. yams, 
potatoes, sweet potatoes) that are suitable for growing under the zone humidity conditions.  
In the Guinean zone (>1200 mm/y) areas are generally dominated by forests and 
agricultural intensity declines (Samasse et al., 2020). This climatic zone occupies a small 
part of the Sikasso and Kayes regions (Figure 4.6). Maize is the most cultivated crop 









Figure 4. 4. Fraction of non-irrigated cultivated area devoted to each of 
the major subsistence crops in Mali, West Africa. Total cropland area is 
derived from WASC30 (Samasse et al., 2020) and the area of each crop 
type is from this study. Fractional areas (crop type area/total cultivated 
area) are aggregated at commune-scale (equivalent to 'counties') 
within the 8 Regions of Mali. Thus, for example, the dominant crop in 
the Tombouctou region is rice, even though the total area cultivated is 
small and croplands are concentrated along the Niger river. 










Figure 4. 5. Association of crop types and climate zones in Mali, West Africa.  (A) Agroclimatic zones based on 








A new 30 m - crop type map of rainfed maize, millet, rice, and sorghum has been 
developed for the country of Mali in West Africa using satellite remote sensing data and 
machine learning techniques. The nominal year is 2017. Overall, total accuracy is ~78% 
with class-specific accuracies between 77% and 94% for user’s accuracy, and 53% and 
87% for producer’s accuracy. Our analysis also shows that allocation disagreement (related 
to crop type spatial location error), as compared to quantity disagreement (related to crop 
type area estimation error), constitutes the most important source of classification errors in 
the new dataset, and more than 80% of this total allocation disagreement is contributed by 
the Other crops class. That is, the developed crop type product is equally reliable in both 
area estimation and spatial allocation for all four subsistence cereal crops (i.e. maize, millet, 
rice, and sorghum). 
In the period of study, area estimations show that millet is the most planted cereal across 
the country, followed by maize and sorghum. Rainfed and recession (i.e. flood plain) rice 
is mainly cultivated along the major rivers and occupies a much smaller area than the three 
subsistence cereal crops. An aggregate crop class (“other crops”) includes small-scale 
vegetable gardens for household consumption that are widespread across Mali, and local 
specialty crops (onions, groundnuts, cotton) for local markets and export.   
From north to south, the analysis of cultivated areas demonstrates the association of 
crop types with the mean annual precipitation gradient. Rainfed and recession rice is the 
exception to this pattern because this crop is cultivated in river valleys and depressions 
where annual flooding decouples the crop from local rainfall. Thus, rice farms are present, 
but at different intensity, in all four climatic zones from Saharan to Guinean. However, in 
addition to the precipitation regime, the intensity of a specific crop proportion in a 
particular geographical region may be influenced by other factors such as cultural, social, 
and market considerations that may favor particular crops in specialist agricultural zones.  
Gaining an accurate understanding of the distribution of the major subsistence cereal 
crops at 30 m spatial resolution for the whole country of Mali is a critical contribution for 
decision making in food security planning. It allows area estimations to be disaggregated 





sizes, which can be used to improve yield statistics at different administrative subdivisions 
levels (from local to national scales). As agricultural production is estimated by knowing 
both crop areas and average yields for each crop in a particular area, estimating these two 
variables constitutes the major components of all operational agricultural monitoring 
systems.  More detailed information on not only cropland area (Samasse et al., 2020) but 
specific crop types (this study) also allows for improved planning and development 
interventions relative to agronomic enhancement (improved seeds, fertilizer) and other 
agricultural inputs.  Results found in this study confirm that crop type can be accurately 
estimated using a combination of remotely sensed data, ground data, and ensemble 
machine learning techniques. Crop type information, whether mapped at the scale of 
individual fields or aggregated to estimate fraction of different crops planted at county 
(commune) scale, is an essential step forward towards the longer-term goal to monitor and 
forecast agricultural yields for improved food security and famine early warning for the 





Appendix 4.A: Independent variables 
In addition to weather (Precipitation, Temperature), and terrain (Elevation, Slope) 
information, we used four vegetation indices (NDVI, EVI, SAVI, MSAVI) derived from 
Landsat 8 surface reflectance, as predictors to fit RF machine learning models.  
4.A.1. Climate (Precipitation) 
Precipitation is extracted based on plot locations from the Climate Hazards Group 
InfraRed Precipitation with Station data (CHIRPS) (Funk et al., 2015). CHIRPS is a quasi-
global rainfall dataset combining 0.05° (~6 km) resolution satellite imagery with in-situ 
station data to create gridded rainfall time series for diverse applications including crop 
monitoring. The CHIRPS dataset is freely available from 1981 to present. In this study, we 
computed and used as predictors the long-term (2000-2018) mean total rainfall during dry 
and wet seasons (Figures 4.A.1 and A1). 
  
Wet Dry 
Figure 4.A. 1 Distribution of wet and dry season long-term 
mean precipitation across 13,000 Malian Ministry of 
Agriculture (MMA) field survey sites 
4.A.2. Vegetation indexes (NDVI, EVI, SAVI, MSAVI) 
Remote sensing derived vegetation indices (VI) have been extensively applied to 
detect vegetation, monitor vegetation condition, and map cropland over large areas 
(Samasse et al., 2020). These indices are generally based on the capability of vegetation to 
strongly reflect incident electromagnetic signal in the near-infrared (NIR) band compared 





Landsat 8 surface reflectance and used as candidate predictor variables for the random 
forest model to help classify major cereal crops across the country of Mali. These VI are 
the Normalized Difference Vegetation Index (NDVI), the Enhanced Vegetation Index 
(EVI), the Soil Adjusted Vegetation Index (SAVI), and the Modified Soil-Adjusted 
Vegetation Index (MSAVI) (Figure 4.A.2).  
 
 
Figure 4.A. 2. Distribution of vegetation index values across ~13,000 MMA field survey sites 
used as predictors for regression models. Values for all four VI are extracted from GEE for wet 








Information on terrain elevation and slope could bring supplemental insights on 
estimating and understanding crop yield. The Shuttle Radar Topography Mission (SRTM) 
digital elevation data is an international research effort that obtained digital elevation 
models on a near-global scale (Farr et al., 2007). The SRTM V3 product used in this study 
(Figure 4.A.3) is provided by NASA JPL and available on the Google Earth Engine 
platform. It is a high-resolution elevation dataset, 1 arc-second (approximately 30m), and 
has undergone a void-filling process. 
 
 
Figure 4.A. 3. Elevation and slope used as terrain information. Slope is computed 









Appendix 4.B. Random Forest Model 
4.B.1 Tuning parameters 
The tuneRF () function in the R software is used to tune random forest hyper parameter 
mtry which minimizes the Out-Of-Bag (OOB) error for a given number of trees (nTree). 
An optimal value of mtry was computed for values of trees selected from 500 to 5000 with 
500 intervals (i.e. 500, 1000, 1500, 2000, 2500, 3000, 3500, 4000, 4500, and 5000). The 
best tuned values of mtry and nTree are 24 and 3000, respectively (Table B1).  
Table 4. 4. Out-Of-Bag error and best mtry for different number of trees, from 500 to 5000. nTree = 3000 

















The RF model trained using the best mtry and nTree is used to predict maize, millet, rice, 
and sorghum locations at 30 m spatial resolution across the country of Mali. 
 
mtry OOB.error nTree 
24 0.43109 3000 
24 0.43109 3500 
16 0.43109 5000 
16 0.431505 4000 
24 0.431624 2000 
24 0.431743 2500 
16 0.431921 4500 
24 0.432336 500 
16 0.432514 1500 




















Figure 4.B. 1. Out-Of-Bag error and best mtry for all number of trees values, lying from 500 to 5000. 
nTree = 3000 gave the best fitted model as illustrated by the ranked table (Table 4) 
4.B.2. Fitted model 
The best fitted model’s output is the following. 
 
Call: 
 randomForest(formula = class ~ ., data = data_train, ntree = opt_ntree,      
mtry = opt_mtry, importance = TRUE)  
               Type of random forest: classification 
                     Number of trees: 3000 
No. of variables tried at each split: 24 
 
        OOB estimate of  error rate: 43.1% 
Confusion matrix: 
     0   1    2   3   4    5 class.error 





1  203 486  151  18 212  565   0.7027523 
2  213 144 1226   6 210  679   0.5052462 
3  194  89   43 289  44  122   0.6299616 
4  196 224  394  19 234  732   0.8699277 
5  361 426  784  40 387 1655   0.5469477 
 
4.B.3. Variables importance and Error plots 
The Random forest algorithm offers the possibility to rank variables, which is useful 
for interpreting the results. The most influential predictors in our best fitted model are those 
related to weather (Precipitation) and terrain (Elevation). Surface reflectance in near-
infrared (NIR; Band 5) and shortwave infrared (SWIR; Band 7), are more important in 
predicting crop type than the first highly ranked vegetation index, which is NDVI. The 
other vegetation indices (i.e. EVI, SAVI, and MSAVI), for both wet and dry seasons, seem 
to have lower significance on the RF classifier outcomes in this analysis (Figure 4.B,2). 
  









4.B.4. Testing the model 
Table 4. 5. Error matrix based on testing samples. N is the total number of pixels by categories  
 Maize Millet Rice Sorghum Other crops Sum N 
Maize 327 12 19 26 40 424 16132517 
Millet 8 501 4 36 87 636 22361209 
Rice 2 0 158 1 7 168 1498883 
Sorghum 12 19 3 307 53 394 13921521 
Other crops 59 65 13 60 695 892 19379749 
       67238494 
 
 
Table 4. 6. Error matrix based on population estimate as suggested by (Pontius Jr & Millones, 2011) 
 Maize Millet Rice Sorghum Other crops 
Maize 0.1698 0.0062 0.0099 0.0135 0.0208 
Millet 0.0038 0.2403 0.0019 0.0173 0.0417 
Rice 0.0002 0.0000 0.0192 0.0001 0.0009 
Sorghum 0.0058 0.0092 0.0014 0.1480 0.0256 
Other crops 0.0175 0.0193 0.0039 0.0178 0.2060 
 
 
Table 4. 7. Accuracy metrics by crop types 
 Maize Millet Rice Sorghum Other crops All crops 
Quantity Disagreement 2.78 3.72 1.66 2.72 2.11 6.50 
Allocation Disagreement 5.42 6.69 0.27 5.17 12.73 15.13 
Proportion Correct 18.50 26.20 2.10 9.12 22.46 78.37 
User’s Accuracy 77.12 78.77 94.05 77.92 77.91  
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Preliminary analysis of crop yield predictions using satellite and 
environmental data for maize production in Mali, West Africa 
Paper #4 
In preparation for submission 
5.1. Introduction 
Information on crop area and yield is critical for agricultural development in low-
income countries because it contributes to a parsimonious allocation of scarce resources 
dedicated to the agricultural sector and constitutes a fundamental input for planning and 
making important decisions related to food security issues (Wineman et al., 2019). The two 
variables (crop area and yield) are required to estimate agricultural production. In Mali, 
like in other developing countries, crop area and yield are estimated by combining field 
assessments and statistical methods to extrapolate area and average yield from plots to 
administrative subdivisions scales. In general, errors due to these statistical estimations are 
not accurately known (Ministère de l’Agriculture, 2018), making these estimates poor. As 
alternatives to improve crop yield estimation accuracy and reduce costs induced by 
traditional methods of field surveying, various yield modeling approaches are used for both 
short-term and scenarios-based long-term predictions of yield. Two of these modeling 
approaches are process-based models which dynamically simulate crop growth and yield 
formation processes (e.g. Holzworth et al., 2014; Jones et al., 2003; Williams et al., 1989) 
and statistical models which relate yield to various predictors (e.g., soils. rainfall) based on 
empirical relationships derived from measured or observed historical data (e.g. Kern et al., 
2018; Li et al., 2019). 
Whether they are process-based or empirical models, crop yields predictions require 
timely and spatially resolved information on weather, soil, crop type and management. As 
satellite remotely sensed data are continuously improving in terms of spatial and temporal 
resolutions, they become valuable inputs forecasting crop yields on a large-scale basis 





studies have examined how variables derived from satellite data, such as vegetation indices 
and soil moisture, can be combined with meteorological and other environmental 
information for improved process-based or statistical crop yield modelling. For example,  
Li et al. (2019) developed multiple statistical modeling methods for predicting rainfed corn 
yield in the U.S. Midwest. They combined satellite variables, such as MODIS land surface 
temperature and Enhanced Vegetation Index (EVI) with climate variables which include 
monthly mean vapor pressure deficit, mean air temperature, and monthly precipitation. 
Their results showed that satellite variables used alone as predictors give improvements in 
yield predictions compared to models based on climate variables alone. Remote sensing 
can also be used to estimate crop growth indicators, which can be integrated with crop 
growth simulation in process-based models for improved predictions. This technique, 
commonly known as data assimilation, has proven to be the most promising approach to 
increasing crop growth and yield estimation accuracy (Y. Xie et al., 2017). For example, 
Thorp et al. (2010) assimilated measured LAI in the DSSAT-CSM-Wheat model using 
forcing and updating methods. The forcing method consists of replacing a simulated state 
variable with a remote sensing observation, while in the updating approach the model state 
variables are continuously updated whenever an observation is available. A third method 
is “steering” which aims to re-initialize (e.g., sowing date, planting density) or re-
parameterize (e.g., canopy and growth parameters) the crop growth model in a way that 
minimizes the difference between simulated and measured data (Ines et al., 2013). The 
assumption of this latter method is that the variable derived from remotely sensed data is 
free of error or that the level of data error is acceptable to be propagated within the 
modelling system. However, satellite data assimilation in process-based models is not an 
easy task and, as these models are point-based simulators, we still need further processing 
to spatialize model outputs for yield estimation at larger scale (e.g. Venkatesan & 
Pazhanivelan, 2018). 
More recently, in parallel with process based and statistical models, machine learning 
techniques have been applied with satellite-derived datasets as predictors for crop yield 
predictions. In all cases, it has been found that machine learning models outperformed 
regular statistical approaches. Techniques of machine learning include multivariate 





neural networks (Cai et al., 2019; Khaki & Wang, 2019; A. Li et al., 2007; Peng et al., 
2020; Schwalbert et al., 2020). Machine learning models have advantages to treat the 
dependent variable (crop yield) as an implicit function of predictors (e.g. climate, soil), 
allowing for highly non-linear functions when needed (Khaki & Wang, 2019).  
In this study, we focus on crop yield of maize, a critical staple crop for many rural 
communities in Mali, using yield data from geo-localized plots provided by the Malian 
Department of Agriculture as reference data to train two machine learning models 
(Random Forest and Boosted Regression Trees) for yield modelling and predictions. All 
predictors were extracted for maize fields using the recently developed crop type map, 
which is used as a mask (Samasse et al., 2020). In total, 80% of 553 plot samples were used 
to train machine learning models, the remaining 20% were held apart for model testing and 
error quantification. Prediction performance was initially tested for independent plots in 
the training year (2017). Separately, we tested the ability of models fitted to data in 2017 
to be used for forecasting yields in 2018.   







5.2.1. Dependent variable (maize yield) 
Agricultural statistics data, including yields by crop type, are sampled annually by 
the Statistics and Planning Agency of the Malian Department of Agriculture. For this 
analysis, field data reported maize yields are the dependent variable. To reduce redundancy 
in the training dataset, a minimum distance of 200 m between plots has been observed, and 
only pure maize fields are included in this analysis. In total, we have 553 maize yield 
samples distributed across Mali to train the models. They are a subset of the dataset used 
to develop the crop type map detailed in Chapter 4 (Samasse et al., 2020). Basics statistics 
of the training dataset are shown in Figure 5.1, with average maize yields of about 2,000 
kg/ha but with considerable variability between samples. Spatially, Figure 5.2 shows 
locations of maize plots for 2017. We focused on the Koulikoro Region to illustrate spatial 
distribution of maize plots across the region.  
 
N = 553, mean = 2144.6 kg/ha, sd = 
1321.7 Kg/ha 
Figure 5. 1. Maize yield training 
dataset used in this study, after 































5.2.2. Independent variables or Predictors 
The candidate independent data used to model maize yield variability across Mali 
include growing season meteorological variables (monthly cumulative rainfall, 
temperature), Landsat-8 measurements of growing season vegetation indices including the 
normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), and 
normalized difference water index (NDWI).  Full details are provided in Appendix 5.A.  
 
Figure 5. 2. Spatial distribution of the 
training data. Plots for year 2017 are 
used to train the models. The Region 
of Koulikoro is selected to illustrate 









In this study, two machine learning techniques, Random Forest (RF) and Boosted 
Regression Trees (BRT), are used for maize yield predictions. Climate, and satellite-
derived vegetation indices are used as independent variables. All datasets were projected 
to WGS84 before extracting values for the locations of the dependent maize plots. Both 
RF and BRT models are assessed using internal cross-validation before accuracy 
assessment using independent validation data in both 2017 (year of the training data) and 
2018. 
5.2.3.1. Random Forest 
Random Forest (RF) modeling is an ensemble learning algorithm that can be used 
to predict both continuous (regression) and categorical (classification) responses. The 
regression forms are used in this study to model yield variability. An RF model comprises 
an ensemble of decision trees, where each tree can predict the response variable using a 
random sub-sample of the independent variables and observations. Each tree uses a sub-
ensemble of training values chosen randomly with replacement (i.e. the bootstrap sample). 
The optimum number of predictors used to split data at each tree’s node is log(m+1), where 
m is the total number of predictors involved. An ensemble of diverse trees minimizes the 
effect of bias from individual trees, considerably improving the overall predictive accuracy 
of the model. In regression, the final predicted value is chosen by averaging output of 
individual trees. It has been shown that by increasing the number of trees in the model, the 
errors of prediction (also known as out-of-bag errors or OOB errors) converge, reducing 
problems with overfitting (Pal, 2005). In this study we used estimation based on the RMSE 
error during the training process to fine-tune RF model hyper-parameters (mtry and ntree). 
5.2.3.2. Boosted Regression Trees 
Boosted Regression Tree (BRT) models combine decision tree algorithms and boosting 
methods. They are an ensemble learner, as they repeatedly fit many decision trees to 
improve the accuracy of the final model. BRT models use a boosting approach to fit new 
trees. Boosting consists of giving a higher probability to data that was poorly modelled by 





will consider prediction errors to fit the next tree. This is not the case in RF models where 
trees are built independently using random subsets of the training dataset. Training data 
points are selected at equal probability. By considering the fit of previous trees, BRT 
models try continuously to improve predictions accuracy. In this study, we used the 
Gradient Boosted Model (GBM) approach implemented in R statistics. Three major 
parameters are tuned to get optimal predictions of maize yield. These parameters are the 
number of trees, the interaction depth, and the shrinkage.  
5.3. Results 
5.3.1. Model selection 
In Machine Learning techniques, getting parameters for optimal predictions is 
sometimes tedious and time consuming. All tuning processes have been done using the 
package Caret in R statistics. We first fitted models using all twenty (20) predictors for 
both RF and BRT, and monthly-based models afterward. Table 1 shows model 
performance in all cases. Based on tuning results, the best fitted model is the one using all 
predictors (Model 0: Full model) in both RF and BRT. For all five models, RF presents a 















Table 5.1 Within-season diagnostic and between-season predictive model accuracy metrics for RF and BRT. 
Within-season diagnostic models use 20% independent test data for 2017, where training and test data 
share aspects of growing season conditions and the models rely on end of season yields for training (thus 
considered diagnostic models).  The between-season predictive models use models fitted using 2017 data, 
with new data on weather and VI from 2018 to make "true" predictions of 2018 maize yields with varying 
lead-time and input data.  
Within-season diagnostic models 




2018 dataset, N = 638 
RMSE  RMSE 
RF BRT RF BRT 
Model 0: Full model 362.0 449.9 706.7 973.7 
Model 1: June-July 378.3 492.2 835.1 1079.7 
Model 2: June-August 366.1 537.8 756.9 1020.0 
Model 3: Weather 507.9 568.6 857.3 1169.3 
Model 4: VI 454.6 752.4 858.7 938.0 
 
Figure 5.3 illustrates plots of observed against predicted yields using the 20% 
reserved testing data in 2017 and independent yield data for 2018. RMSE values resulting 
from predicting yields for 2018 (707 kg/ha and 974 kg/ha) are approximately twice those 
in 2017 (362 kg/ha and 450 kg/ha).  However, the RF model performs considerably better 
than the BRT model in all cases. In 2018 predictions, we also have weak linear 
relationships between predicted and observed values, as explained by the R2 values, 20% 











5.3.2. Variable importance 
Based on the best model using the RF algorithm, all twenty predictors seem to have 
a non-negligible influence in building the model. However, climate variables (precipitation 
and air temperature) appear to be the most influential predictors (Figure 5.4). The first most 
important variable among vegetation indices (VI) is the NDWI, followed by EVI and 
NDVI. At monthly level, climate predictors extracted during August (month 8) are the most 
frequent in the five first most influential variables. At the same time, VI in August are the 
variables which contribute to increase model’s performance. 






































 R2 = 0.20; RMSE = 706.6981  R2 = 0.14; RMSE = 973.6933 


































NDWI values in June, July, A
ugust, September 
Figure 5. 4: Variable importance plots for RF best model 
5.3.3. Variable Partial Dependence 
The Partial Dependence Plots (PDP) tell us the relationship between the dependent 
variable (maize yield) and the predictor variables (Figure 5.5). Figure 5.5 shows the PDP 
for the five most important predictors as ranked by the RF best predicting model. Maize 
yield increases with precipitation but decreases with mean air temperature. Yield is more 
impacted by temperature in August than in June, particularly at higher temperatures (above 
28oC); Figure 5.5. Regarding precipitation, increases in rainfall during August are more 
influential on predicted yield than July, but in both cases, yield increases with the amount 
of precipitation. For NDWI VI, higher values in September appear to lead to lower 








Figure 5. 5. Partial dependence plots for the five 
most important predictors as ranked by RF full 
model. P_17_7 and P_17_8 are precipitation in July 
and August of year 2017, respectively. T_17_6 and 
T_17_8 for 2017 mean air temperature in June and 
August, respectively. X1709_NDWI is NDWI 







5.4. Discussion and Conclusions 
In this study, we presented crop yield prediction based on the ensemble machine 
learning approach, using climate data and vegetation indices derived from satellite remote 
sensors. Results showed better maize yield prediction performance with random forest 
compared to boosted regression trees. This performance of random forest models is in line 
with results found by Peng et al. (2020) in maize and soybean yields estimation across the 
United States, and Leroux et al. (2019) who predicted maize yield in Burkina Faso (West 
Africa). 
Results of testing the best model with out-of-sample (i.e. fully independent) data (20% 
of the 2017 observed yields) are promising. The 'full model' (Model 0) uses data on rainfall, 
temperature and vegetation indices through the entire growing season (June-September, 
corresponding to the beginning of maize harvest in Mali). Using Model 0 it was possible 
to predict maize yields with an RMSE of 362 kg/ha. Similar RMSE values were found for 
predictions using data extending only through July (378 kg/ha) and through August (366 
kg/ha), suggesting that yield predictions greater than 1 or 2 months might be possible. 
These results are encouraging compared to previous studies.  
However, prediction errors (RMSE) increase dramatically when trying to use models 
fitted using 2017 yield data to forecast maize yield in 2018 (year +1).   Overall, models 
developed using 2017 data present lower reliabilities in predicting maize yield for a future 
agricultural season using climate (precipitation, temperature) and vegetation indices 
(NDVI, EVI, and NDWI) for the new growing season.  With an RMSE of 706 kg/ha 
obtained in 2018, prediction error increases by more than 300 kg/ha compared to model 
performance in 2017. Results remain similar to findings of Leroux et al. (2019), who 
obtained an RMSE of 637 kg/ha predicting maize yields in years that were not included in 
fitting their models, against an error of 258 kg/ha resulting using a within-season cross-
validation approach.  
Vegetation indices derived from satellite remote sensing have been widely used in crop 
yield modeling. The main findings in this study are that models based only on VI data (i.e. 





combined models (Table 5.1).  Among the candidate VI data, the Normalized Difference 
Vegetation Index (NDVI) performed better in predicting independent 2017 samples, as 
compared to the Normalized Difference Water Index (NDWI), and the Enhanced 
Vegetation Index (EVI), while the NDWI had lower RMSE for 2018 data. That is, with 
NDVI, EVI, and NDWI used alone and separately to fit random forest models, we obtained 
RMSEs of 494 kg/ha, 623 kg/ha, and 577 kg/ha, respectively for testing using out-of-
sample independent data, and 984 kg/ha, 888 kg/ha, and 812 kg/ha for 2018 data, 
respectively (Appendix B).  
NDWI of September is the most influential predictor, probably because of the 
importance of water availability for the maize crop at this growing step, and NDWI 
sensitivity to water content in semiarid region. However, the NDVI index has higher 
occurrences among the five most important predictors (Figure 5.6). June is considered in 
this study as the first month of crop growing season, and is the most influential month in 
the VI-based model. However, predictors extracted in August, the month with the 
maximum quantity of precipitation (Figure 5.6), seem to bring less information in the 
learning process compared to the other three months (i.e. June, July, and September).  
 
 
Figure 5. 6. Variables importance for NDVI, EVI, and NDWI 
 
Overall, results found in this analysis on maize yield predictions using machine 
learning techniques at plot levels for the whole country of Mali are encouraging and 
constitute an important step to the development of operational satellite remote sensing 





early estimate of crop yield information represents an input in decision making at local and 
national levels in agricultural production management. In this study, Random forest 
algorithms provide better prediction performance than boosted regression trees and capture 
the complex relationships between maize yield, seasonal weather and satellite VI 
predictors. The analysis of variables importance provides an opportunity to identify 
variables with the most predictive power, but the model does not provide any further 
possibility to control or understand the internal functions that link maize yield to these 
variables. Another weakness of the fitted models in our study is the low performance in 
predicting yield out of the period of study.  However, as additional data become available, 
it may be possible to further improve the predictive power of the models. 
Results for yield predictions in 2017 showed that Random Forest ensemble approaches 
have a higher performance in predicting maize yields across Mali as compared to Boosted 
Regression Trees.  NDVI, EVI, and NDWI derived from Landsat 8 optical bands are 
reliable contributors for maize yields estimation at field scale in a semi-arid region like the 
Sahel. However, models developed using data from 2017 were considerably less effective 
in forecasting yields in 2018. This suggests that season-specific variables (timing of 
rainfall, temperatures and other agronomic variables) are significant in controlling end of 
season yields, such that models fitted in the prior year are probably not going to be effective 
in a later year.   High within-year predictive ability, as found here for maize yields in 2017, 
can be useful for food security planning purposes, if they can be produced with minimal 
delay following harvest (e.g. 1-2 weeks). Such model would provide managers an effective 
ability to interpolate between field measurements of yield to provide a more comprehensive 
understanding of the current year's harvest across the country than available using only 
field samples.  For true yield forecasting, while the 2018 example shown here was less 
effective, it may be that RF models trained with many years of data would include sufficient 






Appendix 5.A: Independent variables 
5.A.1. Climate (Precipitation, Temperature) 
Precipitation and temperature are extracted based on cropped plots locations from 
the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) (Funk et 
al., 2015) and the Famine Early Warning Systems Network (FEWS NET) Land Data 
Assimilation System (FLDAS) (McNally et al., 2017), respectively. CHIRPS is a quasi-
global rainfall dataset combining 0.05° (~6 km) resolution satellite imagery with in-situ 
station data to create gridded rainfall time series for diverse applications including crop 
monitoring. CHIRPS dataset is freely available from 1981 to present. While FLDAS 
includes information on many other climate-related variables including moisture content, 
humidity, evapotranspiration, average air and soil temperature. The main goal of FLDAS 
was to support regions which lack sufficient weather data for food security assessments. It 
In this study, we computed and used as predictors the total rainfall and the mean air 
temperature (Figure 5.A.1) for each of the four months of crop growing season in Mali.  
 
Figure 5.A. 1. Monthly total 










5.A.2. Vegetation indices (NDVI, EVI, NDWI) 
Remote sensing derived vegetation indices (VI) have been extensively applied to 
detect vegetation, monitor vegetation condition, and map cropland over large areas 
(Samasse et al., 2020). These indices are generally based on the capability of vegetation to 
strongly reflect incident electromagnetic signal in the near-infrared (NIR) band compared 
to the optical bands. In this study three vegetation indices are computed from Landsat 8 
surface reflectance and used as candidate predictor variables for the Random Forest and 
Boosted Regression Trees regression models to help predict maize yields across the 
country of Mali. These VI are the Normalized Difference Vegetation Index (NDVI), the 
Enhanced Vegetation Index (EVI), and the Normalized Difference Water Index (NDWI). 
The 8-day composites of NDVI, EVI, and NDWI, created from all Landsat 8 scenes, 
available on Google Earth Engine platform are used in this study.  
NDVI 
The Normalized Difference Vegetation Index (NDVI) is commonly used in satellite 
remote sensing-based vegetation analysis. It is computed using the red (0.64-0.67 µm) and 
near-infrared (0.85-0.88 µm) bands. The NDVI can effectively detect growing vegetation 
and has been numerously applied for cereal crop yield modelling in different regions and 
under different climate conditions. However, in high biomass surfaces NDVI gets quickly 
saturated. In such conditions, other vegetation indices like EVI (Enhanced Vegetation 
Index) have been proposed to replace or supplement it. 
 
EVI 
The Enhanced Vegetation Index (EVI) provides improved sensitivity to vegetation 
condition and changes in high biomass areas as compared to the NDVI. It also reduces the 
background effect of soil on vegetation index calculation. In addition to the red and near-






The Normalized Difference Water Index (NDWI) is sensitive to changes in liquid 
water content of vegetation canopies. NDWI is less sensitive to atmospheric effects than 
NDVI. Because of its sensitivity to water content in vegetation, NDWI can be used as 
complementary to NDVI and EVI. It may therefore better capture the effect of drought on 
crop yields (Gu et al., 2008). By using Landsat 8 surface reflectance, NDWI is derived 
from the Near infrared band and the Short-Wave infrared band (1.57-1.65 μm). Gao (1996) 
gives more details on NDWI calculation and its potential applications. 
 
Figure 5.A. 2. Vegetation Indices used as 
predictors for regression models. Values 
for all three VI are extracted from GEE 
using the crop type map as mask. They 
range from -1 to 1 with a maximum 








Appendix 5.B: Model selection 
Model 0: Full model 
Predictors "P_17_6"     "P_17_7"     "P_17_8"     "P_17_9"     "T_17_6"     "T_17_7"     
 "T_17_8"     "T_17_9"     "X1706_NDVI" "X1707_NDVI" "X1708_NDVI" "X1709_ND
VI" 
"X1706_EVI"  "X1707_EVI"  "X1708_EVI"  "X1709_EVI"  "X1706_NDWI" "X1707_NDW
I" 
"X1708_NDWI" "X1709_NDWI" 






 R2 = 0.94; RMSE = 362.0538 R2 = 0.89; RMSE = 449.9059 
Test 2018 
  





Model 1: June-July 
Predictors "P_17_6"     "P_17_7"     "T_17_6"     "T_17_7"     "X1706_NDVI" "X1707_NDVI" 
"X1706_EVI"  "X1707_EVI"  "X1706_NDWI" "X1707_NDWI" 






 R2 = 0.93; RMSE = 378.2635 R2 = 0.86; RMSE = 492.163 
Test 2018 
  








Model 2: June-August 
Predictors "P_17_6"     "P_17_7"     "P_17_8"     "T_17_6"     "T_17_7"     "T_17_8"     
 "X1706_NDVI" "X1707_NDVI" "X1708_NDVI" "X1706_EVI"  "X1707_EVI"  "X1708_
EVI"  
"X1706_NDWI" "X1707_NDWI" "X1708_NDWI" 







 R2 = 0.94; RMSE = 366.1159 R2 = 0.83; RMSE = 537.8349 
Test 2018 
  






Model 3: Weather 
Predicto
rs 
"P_17_6" "P_17_7" "P_17_8" "P_17_9" "T_17_6" "T_17_7" "T_17_8" "T_17_9" 

















Model 4: Vegetation Indices 
Predictor
s 
"X1706_NDVI" "X1707_NDVI" "X1708_NDVI" "X1709_NDVI" "X1706_EVI"  "X1707_EVI"  
"X1708_EVI"  
 "X1709_EVI"  "X1706_NDWI" "X1707_NDWI" "X1708_NDWI" "X1709_NDWI" 








 R2 = 0.94; RMSE = 454.6128 R2 = 0.69; RMSE = 752.4256 
Test 2018 
  






Model 5: NDVI 
Predictors "X1706_NDVI" "X1707_NDVI" "X1708_NDVI" "X1709_NDVI" 






 R2 = 0.91; RMSE = 494.1756 R2 = 0.43; RMSE = 994.8818 
Test 2018 
  






Model 6: EVI 
Predictor
s 
"X1706_EVI" "X1707_EVI" "X1708_EVI" "X1709_EVI" 







 R2 = 0.89; RMSE = 623.3155 R2 = 0.15; RMSE = 1191.621 
Test 2018 
  






Model 7: NDWI 
Predictor
s 
"X1706_NDWI" "X1707_NDWI" "X1708_NDWI" "X1709_NDWI" 







 R2 = 0.92; RMSE = 576.8203 R2 = 0.34; RMSE = 1101.683 
Test 2018 
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Conclusions and Perspectives 
6.1. Conclusions 
Considering the importance of agriculture for food security and livelihoods in West 
Africa, the development of remote sensing-based approaches to monitoring agricultural 
yields is critical. The accurate geolocation and area quantification of croplands is a 
necessary first step, as it allows an accurate extraction of variables in known cropland areas, 
and agricultural production is estimated using both crop area and local yield estimates. 
Considering that several satellite remote sensing-based land cover products which map 
pure and/or mixed cultivated areas exist at different spatial and temporal resolutions, this 
research began by analyzing the reliability of such products at West African Sahel scale 
for agricultural modelling (Samasse et al., 2018).  The main findings of this accuracy 
assessment for existing land cover products across five (5) Western Sahel countries 
(Burkina Faso, Mali, Mauritania, Niger, and Senegal) revealed the following: 
1. Crop areas predictions based on coarse spatial resolution (i.e., 300 m or greater) 
land cover products are overestimated. Examples of these products are ESACCI 
300m series, MODIS LC, GlobCover, and GLC2000. 
2. Recent higher spatial resolution datasets developed by classifying mainly Landsat 
time series, and using new (machine learning) approaches (GFSAD30 and 
GlobeLand30) have better accuracy in identifying crop areas in West African 
fragmented agricultural landscapes. They have, in the Sahel, an average cropland 
class accuracy of 68.9% and 64.2% for GlobeLand30 and GFSAD30, respectively, 
approaching the target accuracy of 75%. However, while more accurate than the 
other land cover products in this analysis, both GlobeLand30 and GFSAD30 tend 
to underestimate crop areas in the Sahelian region. 
3. High density training datasets, derived using expert local knowledge and high 
resolution images (CILSS, 2016; Cotillon & Tappan, 2016), facilitate not only more 
accurate land use and land cover error assessments, but also open the door for the 





computational power (e.g. cloud computing using Google Earth Engine), and the 
availability of new sensors and optimized algorithms such as machine learning 
techniques (Samasse et al., 2020).  
As mentioned earlier, accurately identified crop locations is of paramount 
importance for crop monitoring applications. However, knowledge of cropland and non-
cropland locations is insufficient for crop modeling since the major subsistence crops have 
distinct temporal characteristics (crop calendars).  Thus, information on crop types is 
needed for crop specific yield predictions. In the present research, to compensate 
weaknesses identified in existing crop area products, a new cropland dataset (the 30 m 
WASC30), has been developed at Sahel region scale.  This was followed by a crop species 
mapping for the country of Mali. The WASC30 cropland area product was developed 
through an intensive computation approach by fitting random forest classifiers for each 100 
km x 100 km square across Sahelian West Africa. In this way, we reduced the influence of 
climate variations and regional variability in the fitting process. With an overall accuracy 
of 90.1% and a cropland class (rainfed and irrigated) user’s accuracy of 79%, results 
obtained from the development of WASC30 are unprecedented in mapping cropland for 
Sahel region.  
WASC30 was then used as an input to constrain the crop species identification for 
rainfed agricultural pixels. Four major cereals (maize, millet, rice, and sorghum) were 
mapped with an overall accuracy of 78% (Chapter 4). From both WASC30 and the crop 
type map, it is possible to derive agricultural statistics on cultivated areas at agroclimatic, 
national, subnational and village scales. Crop type fractions (the area devoted to each crop 
type compared to the total cultivated area), were retrieved for maize, millet, rice, and 
sorghum at Commune level (Administrative level 3 in Mali). A crop type fraction map 
indicates the climate tolerances of different crops, with local socio-cultural and economic 
drivers of agronomic preferences across the region. It also informs about the degree of 
agricultural knowledge and practices related to each crop. All these agricultural statistics 
are particularly important in developing countries where timely accurate georeferenced 
agricultural data are sometimes missing. Findings in cropland and crop type mapping also 





important task of producing accurate statistics on cultivated areas and planting area for 
different crops. 
The developed crop type map was used as mask to extract predictors for crop yield 
estimations (Chapter 5). We focused on yield analyses of maize, a staple crop highly 
utilized in Mali for human, livestock, and poultry feed. Ensemble machine learning 
techniques, as opposed to process based and statistical modeling, were explored to predict 
maize yield using climate (precipitation and temperature), and vegetation indices (NDVI, 
EVI, and NDWI) derived from Landsat 8 surface reflectance retrieved from Google Earth 
Engine platform. Preliminary results showed random forest algorithm outperforms boosted 
regression trees in predicting maize yield, and climate variables have the most important 
predictive power as compared to vegetation indices. During the growing season (from June 
to September), models showed that it is possible to predict maize yield in July, and August 
with an error of 378 kg/ha, and 366 kg/ha, respectively. However, while trying to predict 
maize yield for year 2018 which was not included in training the model, error increases 
quickly.   
6.2. Perspectives 
Methods developed in this thesis for developing cropland area, crop type datasets, 
and maize yield predictions are based on a single-year analysis. To become an effective 
tool of decision making which will support crop monitoring efforts across West African 
countries, one should integrate cropland locations mapping with yield modelling in a 
unique platform allowing development at yearly basis. For example, Google Earth Engine 
(GEE), provides great opportunities facilitating such an integrated application 
development. As a cloud computing platform, GEE implements most of classification and 
regression algorithms (including machine learning techniques) and gathering various 
geospatial datasets time series resulting from several terabytes processed satellite images, 
which could be used as predictors, In addition to optical bands of Landsat images used in 
our analyses, possibilities offered by other sensors with higher resolution (e.g. Sentinel 2) 
to reduce mixed pixels, different data acquisition method (e.g. Synthetic Aperture Radar 





Regarding crop yield predictions using machine learning approaches, the results 
presented in this document are preliminary and leave rooms for improvements. The 
availability of training samples constitutes a major constraint of estimating yield in ongoing 
season at large scale, particularly in Sahelian countries which often lack detailed statistics 
on yields. Also, machine learning is a data driven method – it learns from the data and 
predict values based on what has been learned. That is, more the quantity of samples for 
training, better the process of learning. One way to reduce this constraint of training 
information is to couple process-based models, like DSSAT and APSIM, and machine 
learning. We first create simulations using different cultivars, management techniques, 
water management, soil, and weather data for a certain number of sampled regions to 
generate yield information. This yield information is used as training data for machine 
learning algorithms and predict yield for a larger area based on remote sensing inputs. For 
example, it would be valuable as future work to predict yield for all four crop types mapped 
in this thesis (maize, millet, rice, and sorghum) at 30 m pixel level, and carry out analysis 
on yield spatial variations. This yield analysis should allow us to identify where we might 
have some low yielding areas and the most influential factors behind spatial variability in 
yields for targeting on ground interventions to improve food security in the future. 
Overall, classification and regression methods used to estimate crop areas and 
yields are reproductible. That is, they may constitute the basis of yearly improved 
agricultural statistics production in West Africa. Also, this reproducibility offers an 
opportunity to create multi-epochs crop masks. These crop masks are critical for crop 
conditions monitoring and early warning systems, as, in these applications, all metrics are 
processed based crop species locations. Also, for example, in Mali, the Ministry of 
Agriculture, through the Statistics and Planning Service (Cellule de Planification et de 
Statistiques) carries out periodic agricultural surveys (two per year). Changes capture by 
the dynamic crop type maps could be a critical input to guide field activities and monitor 
areas by crop types making more accurate agricultural production estimation. In addition, 
possibilities to deliver major crops yields, thus agricultural production, information one 
month earlier to the harvest (yield forecasting) and to analyze its variability spatially and 





areas. That is helpful for food security early warning services to plan future on-ground 
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